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ABSTRACT 
“ON THE ENERGY SUSTAINABILITY OF ACTIVE AND PASSIVE BUILDING INTEGRATED TECHNOLOGIES IN 
THE CONTEXT OF A CHANGING CLIMATE FOR TROPICAL COASTAL CITIES” 
 By Rabindra Pokhrel Dept. of Mechanical Engineering 
 Adviser Prof. Jorge E Gonzalez 
Caribbean Sea surface temperatures have been rising at an alarming rate of 0.020C/year. The 
effect of rising sea surface temperatures is reflected in increasing in 2m air temperature over the 
Caribbean. The rise in extreme temperatures increases human discomfort and energy demands for air 
conditioning (AC) putting both the population and energy infrastructure at higher risk of vulnerability. This 
vulnerability is amplified in compact cities where anthropogenic heat removal from the built environment 
further increases the temperature of the urban canyon with feedback on human comfort and energy 
demands. Although there has been prior work reported on mitigating energy demands due to rising 
temperatures, these studies are focused mostly on the building scale, where the two-way interaction 
between the urban climate and buildings is missing. Thus, the effect of energy mitigating technologies on 
the microclimate and energy demand on a scale of a city is still unknown, so is the assessment of their 
mitigating impacts under future climate conditions. Such an understanding is important in developing 
next-generation sustainable active and passive building integrated energy technologies that improve 
human comfort, mitigate peak demands, and produces energy on-site amid a changing climate. This 
dissertation describes the development of a new methodology for quantifying human discomfort index 
and peak air conditioning demands for different passive and active building-integrated technologies. The 
specific goal of the study is to identify different technological scenarios that promote environmental and 
energy sustainability of the urban environment of tropical coastal cities with San Juan metropolitan area 
(SJMA), Puerto Rico as a case study for a typical coastal urban city. Dynamic downscaling using Weather 
Research and Forecast (WRF) model with multi-layer urban parameterization utilizing Building Energy 
Parameterization (BEP) and Building Energy Model (BEM) is used both for current and future climate 
projections. The urban morphology and parameters required by BEP and BEM is bridged through the 
world urban database access portal tool (WUDAPT) local climate zones (LCZs) classifications. Short term 
simulations reflect the peak AC demand reduction potential in increasing order for titled Photovoltaic 
(TPV) roof, white roof, target temperature (thermostat set points), and efficient HVAC equipment. The 
role of potential scenarios for improving the overall human comfort, reducing urban heat island, and air 
conditioning demands are explored for present and future climate change scenarios. Results for SJMA 
shows that the daily maximum temperatures (in 0C) for the high-density region have mean at 31.2, 32.2, 
and 33.2 for 2010, 2050, and 2100, whereas the energy mitigation measures reduce it to 31 and 31.8 for 
2050 and 2100, respectively. A direct consequence of the rise in maximum temperature is increases of 
peak AC demand by 12.5% and 25% for mid and end of 21st century respectively as compared to the 
historic period of 2010. The AC demand reduction potential with energy mitigation measures (a 
combination of the white roof, tilted PV, and efficient HVAC equipment) reduces the demand by 13% and 
1.5% for 2050 and 2100, respectively, compared to the same historic period. The impact of climate change 
results in the decrease of the sea and land breezes, with the decrease more pronounced for 2050 than 
2100 with energy mitigation measures; mainly due to low-temperature gradients between land-sea with 
mitigation measures for 2050.   The mitigation measures have the potential of reducing the urban heat 
island (UHI) intensities to 10C (from 3.50C) and 0.50C (from 3.50C) for the 2050 and 2100 climate periods 
respectively. The heat index is projected to increase for the mid and end century however, there is no 
change in heat index for energy mitigation measures. The results of this research have generated new 
knowledge to support policy making decisions on implementing different technologies for coastal tropical 
cities. Furthermore, the methodology developed could be used to study the role of different energy 
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1.1 Caribbean Climate 
Tropical coastal areas contain almost one-third of the total world population and are highly 
vulnerable to global climate change (IPCC 2007b). The intra Americas Region (IAR) is a tropical-
coastal converging zone, defined as the area enclosed by 0°N to 30°N and 100°W to 40°W (see 
Figure 1.1a). The IAR region encompasses Northern South America, Central America, Gulf of 
Mexico, the Caribbean region, and the Western Atlantic, where a complex interaction among 
synoptic atmospheric/oceanic patterns drives the rainfall activity in the region (Gamble et al. 2008; 
Angeles et al. 2010; Glenn et al. 2015; Hosannah et al. 2017) (Figure 1.1b). This tropical region is 
used in this study as a case study to assess its climatology and the relationship between rising 
temperatures due to global warming climate and energy demands.  
 
Figure 1.1: (a) Major areas in the IAR; (b) IAR rainfall bimodal nature showing the DS, ERS, and LRS. The dry 
season is defined from December to March, corresponding to the season with the lowest rainfall intensity events 




The vulnerability to climate change and associated extreme weather events in tropical 
coastal areas are directly related to accelerated Sea Surface Temperatures (SST) and air 
temperatures increase, water scarcity and an increasing intensity and frequency of cyclogenesis 
activity. A clear regional warming was detected for the particular case of the IAR region for the 
years 1982 to 2013, where the SST had an annual trend of 0.0209°C per year (Figure 1.2 a) (Glenn 
et al. 2015), where the IAR air temperature is observed to be rising at similar rates (Fig 1.2b) 
(Angeles et al. 2017).  Moreover, the Atlantic Warm Pool depicts a continuous intensification in 
the last decades, which in conjunction with a warmer atmosphere increases the risks for heat-stress. 
Excessive warmer atmosphere may lead to localized high-pressure ridges, which could produce 
heat waves, with potentially disastrous social and economic consequences (González et al. 2017).   
A heat wave is a natural consequence of a warmer atmosphere, which may also represent a high 
risk factor to the energy infrastructure (González-Cruz et al. 2013). For the entire Caribbean and 
Mesoamerica region 144 Extreme heat events were reported for a period of 35 years (1980-2014) 
out of which 11 events were recorded for San Juan, Puerto Rico (Ramirez-Beltran 2017). San Juan 
records indicate that maximum daily temperature of 30-35 ⁰C occurred over 14% of the time in the 
last 52 years and these very warm conditions are becoming more prominent and are occurring with 
more frequency in recent decades (Méndez-Lázaro et al. 2015). Also, for San Juan Metropolitan 
area (SJMA) both maximum and minimum temperatures have positive trends (Comarazamy et al. 




Figure 1.2: (a) SST Trend(0C) in IAR-region (b) 2m-air temperature in IAR (c) Average minimum and maximum 
temperature in SJMA. (Glenn al. 2015; Angeles et al. 2018; Comarazamy et al. 2013) 
 
1.2 Impact of Urbanization 
A signature signal of climate changes owing only to urbanization is urban heat islands 
(UHIs), which is the difference between urban and rural environment’s surface temperature. At 
local scales, urban landscape interrupts wind flows and results in decreased heat loss, while paved 
surfaces cut off the infiltration process to the soil, leading to a dryer soil in green areas for 
evapotranspiration, a non-radiative air-cooling phenomenon and consequently heating the 
atmosphere (Oke et al., 1991; Runnalls and Oke, 2000; Oke et al., 2017). These temperature 
contrasts are greater in clear and calm conditions and during night time, and tend to disappear in 
cloudy and windy weather by the effects of thermal and mechanical mixing. Velazquez et al. 
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(2006) conducted an observational and numerical study that identified UHI in the tropical coastal 
city of San Juan, Puerto Rico, and the surrounding countryside were maximum UHI effects were 
noticed during the Caribbean Dry Season; and Early Rainfall Season, and minimum during Late 
Rainfall Season. The authors also showed that urban land cover generated a sensible heat flux of 
more than 70W/m2 during an UHI event. Observations and simulations for a large Mediterranean 
urban center (Greater Thessaloniki Area) showed that the air quality worsened after the wind 
strength weakened and its direction disturbed due to strong UHI.   These are conditions that led a 
convergence zone persisting over the urbanized area causing very high concentrations of pollutants 
thereby affecting hospital respiratory admissions counts (Poupkou et al. 2011; Lai et al. 2010) and 
higher risk of human morbidity due to heat stroke (McGregor et al. 2002; Pantavou et al. 2008). 
Documented examples of the relations between discomfort index based on poor air quality and 
UHIs have been reported for several locations. In Dali district of Taiwan, it was found that high 
UHI worsens the air quality thus significantly increasing hospital admissions (Lai et al. 2010). In 
other studies, it was determined that compact cities amplify the overall human discomfort by 
amplified UHI placing the population at higher risk (Lemonsu et al. 2015).  The above review 
leading us to the first question of this dissertation;  
  
 
This first question has been addressed by other researchers such as Comarazamy et al. 
(2013) and Velazquez et al. (2006), reporting that urbanization has a larger effect in the maximum 
Science Question-1: In the context of the Caribbean, a logical question is how the 
regional warming climate and the local urbanization effects interact? and what maybe 




surface temperatures while a changing regional climate in the hydrological cycles. We thus intend 
to explore the impacts of urbanization on energy demand and human comforts.  
The high risk vulnerability is amplified in dense urban settings, and one related measures 
to UHI can be heat stress, which can be defined by different indices. In 1905 Haldane was one the 
first in suggesting that the wet-bulb temperature is, as a single value, the most appropriate measure 
to express heat stress. Since then, a large number of indices have been suggested for heat stress 
and used throughout the literature, where about 30 different indexes of heat stress were reported 
(Epstein and Moran 2006).  One of the popular heat indices is the Heat Index which is a measure 
of how hot a body feels when humidity is factored in with air temperature and can be computed 
using the United States National Weather Service algorithm (Anderson et al. 2013). In this 
dissertation work, environmental enthalpy a much simpler measure of heat stress for human 
comfort level is defined and studied as Human Discomfort Index (HDI), which is further expanded 
and related to UHI and energy demands.   
 
1.3 Heating Ventilation and Air Conditioning Demand (HVAC) 
Puerto Rico, as most tropical island states, is very dependent on foreign resources for the 
energy generation, and consequently sensitive to global fluctuations of fuel cost. The island’s 
generating capacity is 4879 MW, comprised of 2892 MW of steam-electric capacity, 846 MW of 
combustion-turbine capacity, 1032 MW of combined cycle capacity, 100 MW of hydroelectric 
capacity and 9MW of diesel capacity. All steam turbines are oil (2500MW) or coal based (450 
MW) (fortieth annual report, PREPA 2013).  Thus, more than 80% of the energy production is 
based on oil (75%), and natural gas (15%). The dependency on fossil fuel for energy production 
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and the inefficiency in the electrical energy infrastructure can be viewed as a factor for high 
electricity rates of more than $0.25/kWh, one of the highest of US States and territories. 
Furthermore, the service sector of the economy of Puerto Rico is very large, reflected in large 
components of the residential (40%) and commercial customers (51%) in the island, with more 
than 90% of annual energy sales to these sectors alone from a total of 16,000 GWh in 2016 
(Fortieth Annual Report, PREPA 2013). Most of the energy used in the residential and commercial 
sectors is in air conditioning to maintain human comfort in the buildings sector (Stoeglehner et al. 
2011), a common factor for most tropical coastal cities, where air conditioning can often exceed 
50% on the total energy budget (Wang et al. 2017). Air conditioning demand for all sectors is 
heavily dependent of outdoor weather conditions that are defined by atmospheric variables and the 
urban environment.   
Several studies have been conducted to find the increase in air conditioning demands under 
extreme heat conditions. It has been shown in early research that 1°F increase in summer 
temperatures typically lead to peak cooling loads increase of 1.5 to 2% (Akbari et al. 1992). It was 
also estimated that energy consumption could reach a maximum of 90 W/m2 during a heat wave 
event in New York City (Gutiérrez et al. 2013).  Also, the peak energy demand difference between 
a heat wave day and non-heat wave day for Manhattan, NY, was found to be 33W/m2 (Krarti et al. 
2017).  For the island of Puerto Rico, the peak demand for 2013 reached 3265MW, leaving only 
33% of reserves (fortieth annual report, PREPA 2013). Energy demand, can be influenced by 
socio-economic factors, however, air conditioning demand is amplified during very warm 
conditions and how this demand stresses the electrical grid and the overall distribution and 
generation system is yet to be fully studied. US department of energy (DOE) reports that energy 
consumption by Heating Ventilation and Air Conditioning (HVAC) accounts for 63% and 36.7% 
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of the total electrical energy use for most residential and commercial buildings in US, respectively 
(US DOE 2009). For the entire World the building energy consumption by HVAC in 2010, is 61% 
and 40% for residential and commercial buildings (Urge-Vorsatz et al. 2015). The energy 
consumption by HVAC has been increasing due to global climate change. It has been estimated 
that energy demand for cooling would increase by 15% over the 21st century (Crawley 2008), and 
summer loads would increase by 10 % for most U.S buildings (Leung et al. 2008). Energy 
consumption by air exchange (ventilation) accounts as high as 36% of the total HVAC 
consumption (Liddament and Orme 1998) and it is directly related to ambient air temperature and 
Relative Humidity (RH). Different Representative Concentration Pathways (RCP) scenario for 
climate change were analyzed to predict future energy demand changes for 21st century in the 
Caribbean region (Angeles et al. 2017). This particular study reports that environmental 
(ventilation) energy per capita would increase by 6.6-29.7%.   
Based on the above review and analysis, it is evident that energy demands increase in 
extreme heat events. Due to global climate change these extreme events would be increasing with 
higher frequency, consequently increasing the cooling demand. However, it is yet to be 
quantified what energy per capita would be required to maintain comfort levels during these 
warm events. In the present work, a new HDI based on enthalpy is defined and expanded to 




Science Question-2: What energy per capita would be required to maintain comfort level during 
extreme warm events? 
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1.4 Peak Air Conditioning Demand and Heat Waves 
Puerto Rico reached to peak demand during summer of 2013 at 3265 MW (leaving 33% of 
reserves) (fortieth annual report, PREPA 2013). These peak demands have been moderated in 
recent times due in large part to the contraction of the local economy. Peak energy demand tends 
to magnify during extreme heat events, which occur mostly during the summer seasons. Several 
definitions of a heat wave have been proposed in the scientific literature (Karl et al. 1995; Delworth 
et al. 1999; Deo et al. 2005; Robinson 2010; Fischer and Schär 2010). A widely used approache 
considers 97th percentiles for the entire weather station data based on either heat index or 
temperature for two to three consecutive days (Robinson 2010; Ramirez-Beltran et al. 2017). Peak 
energy demands on higher percentile (more than 95th) based on maximum temperature may not 
capture some important hot periods and most of the energy infrastructures are built and designed 
to meet the load below 90th percentile.  Unfortunately for some regions, limitation of explicit heat 
wave definitions exists due to unavailability of reliable data. Also, definitions may be sector-
specific (health, engineering industries, agriculture industry) and use of an inadequate one may 
lead to poor adaption and mitigation planning (Perkins et al. 2013). However, for the energy sector, 
only consecutive daily maximum temperature is sufficient to study peak demand to meet buildings 
energy loads (Perkins et al. 2013; Neto et al. 2008; Colombo et al. 1999).  In addition, it has been 
recently reported that temperature is the key indicator of AC demand for large cities such as New 
York (Ortiz et al. 2018). In this study we thus use National Weather Service definition of heat 
wave, that occurs when the maximum temperature is greater than 900F (32.20C) for three 
consecutive days and identify as extreme hot events. Increases in peak energy demands may impact 
other key variables such as the lack of water supply for cooling devices and limitations on the 
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power production capacity of the power plants (IAEA 2004) thus exacerbating the stress in the 
energy infrastructure during extreme heat events.  
A recent study reports projections of heat wave events in the Intra Americas Region using 
different Representative Concentration Pathways scenarios with the aim of identifying heat waves 
frequency, duration and intensity in the future. According to this study the number of heat wave 
events for the climate period of 2026-2045 is between 124 and 356 and for the climate period of 
2081-2100 is projected to be between 1848 and 4463 (Angeles-malaspina et al. 2018). High 
temperature events in general would be occurring with higher frequency and intensity in the future, 
resulting in risks to the population and without air conditioning systems maybe at higher health 
risks under these conditions. During summer of 2012 the SJMA has reported to reach record high 
temperatures, leading to high rates of mortality related to heat strokes (Méndez-Lázaro et al. 2015).  
It thus becomes important to quantify energy demand requirements to maintain human comfort 
level during these very warm conditions in tropical coastal regions and to apply best mitigating 
strategies to reduce the overall cooling demands during these conditions.  
 
1.5 Building Integrated Passive System 
There has been a great deal of work on efficient building design. However, the options and 
variables are sparse to a point that better guidance is needed to discern applications for a specific 
geographical location or building sector (Reddy et al. 2016). High annual energy savings in 
building levels can be achieved by passive design (Taleb et al. 2014), better thermal insulation 
(Lucero-álvarez et al. 2016), improved ventilation (Liddament and Orme 1998), improved 
efficiency of equipment and technology (Edwards et al. 2012), increasing indoor cooling set points 
(Hoyt et al. 2014), use of white or green roofs (Rosenfeld et al. 1995) among others. However, 
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very few studies have addressed alternatives to mitigate cooling energy demands during extreme 
heat events at city scales. For the New York City, peak demand savings of 12-16% were reported 
during a heat wave event using simulations with the urbanized version of Weather Research and 
Forecast (WRF) model as a result of increasing surface albedo of the roofs from 0.3 to 0.7 (Ortiz 
et al. 2016). A similar study for the city of Madrid during a hot summer day, with high pressure 
synoptic conditions, explored modifying the roof albedo to 0.4 from 0.2 and adding 6cm of roof 
thermal insulation resulted reduced energy demand by 4.8% and 3.6%, respectively (Salamanca et 
al. 2012).  
Different roofing properties and technologies influence roof surface temperatures, which 
in turn affects the surface heat flux to the built environment. As an example, the roof surface 
temperature in Miami, FL is reported to reach 600C, 30⁰C greater than air temperature, for roof 
surface albedo of 0.3 (Roman et al. 2016). Thus, the use of different roof surface applications for 
city-scale deployment are effective means of reducing air temperature and energy consumptions 
(Salamanca et al. 2012; Roman et al. 2016; Akbari et al. 2011; Oleson et al. 2010; Cotana et al. 
2014; Ortiz et al. 2016). For tropical conditions or summer season’s cool roofs, by virtue of 
increased roof albedo, absorb less incoming shortwave radiation than dark roofs, thereby 
promoting a lower roof temperature. As a result, cool roofs reduce heat transfer into the urban 
environment and into the buildings, simultaneously decreasing near-surface air temperature and 
cooling energy demands. It has been recently reported that the cool roofs (albedo 0.85) and green 
roofs reduces the roof surface temperature by almost 8-10⁰C (Sharma et al. 2016). Short term 
simulation shows that the urban area is more efficient in partitioning surface energy balance when 
green roofs are specified as opposed to including vegetation inside the urban core (Comarazamy 
et a. 2015). However, the net positive effect of green roofs still unknown as some recent reports 
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indicate that large scale use have adverse impacts on the air quality due to changes in the 
atmospheric stability (Morales et al. 2016). 
 
1. 6  Building Integrated PV Systems  
Due to concerns on environmental pollution on a global and societal level, there has been 
an urge to shift the fossil fuel and nuclear energy generation to reliable and sustainable energy 
sources installed at the location of the load. Among all the renewable energy sources, solar energy 
is one of the most abundant and the cleanest energy (Sahu 2015). To support the shift to sustainable 
generation, integrated urban and energy planning on every aspect of the energy demand and 
integration of different systems should be considered (Stoeglehner et al. 2011). In addition to 
integrated planning, a recent study highlights that the built environment of the future would 
transform buildings into resource assets-fully self-aware, adaptive and communicative with added 
market value (Wang et al. 2017).  Present and future buildings; residential, commercial or 
industrial sectors can have additional value if utilized through generation at specific location and 
space. Direct solar energy conversion stemming from roof areas will play a significant role in the 
context of sustainable generation by a mix of renewable energies (Wittmann et al. 1997).  As an 
example, the relevance of the large availability of roof surface area for some northern cities of 
Spain was found to have relatively high potential for solar PV despite the lower irradiance 
(Izquierdo et al. 2008).  For other locations it has been estimated that the application of solar PV 
technology can provide about 2/3 of the current electricity consumption in the city of Bardejov in 
Science Question-3: What are different building integrated passive scenarios that will reduce peak 
AC demand for a tropical coastal city? 
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eastern Slovakia (Hofierka et al. 2009) with a population of 33,000.  As an additional example, the 
modern residential district of Scharnhauser Park (SHP) near Stuttgart/Germany, with a population 
of 7,000 people, was used to calculate the potential of photovoltaic energy and to evaluate the ratio 
of “own consumption” defined as ratio of total electricity consumption by the energy produced.  
Ratio of own consumption of 17% was estimated with the total yearly electricity consumption of 
10,700 MW-h (Strzalka et al. 2012). The electricity potential generated from the rooftop solar PV 
system in the Gangnam district in Seoul, South Korea, can be enough to supply 303,496 
households (3724.5 kWh/year/household), almost 1.5 times more than the households in the 
district (202,906 households) (Hong et al. 2017).  
To determine the PV potential of larger spaces, tools have also been developed to estimate 
the energy production and cost of energy of grid-connected photovoltaic applications around the 
world, e.g. PV Watts developed by the US National Renewable Energy Laboratory (NREL; 
(https://pvwatts.nrel.gov) as a good example. However, these tools are single building or site 
specific and do not consider urban effects for large city applications. It is therefore important to 
incorporate urban morphology to consider the urban heterogeneity that includes the radiation 
trapping and shadowing due to building heights. Also, the role of PV installation on meeting and 
mitigating energy demands, mitigating Urban Heat Islands (UHI) and consequently air pollution 
on a city-scale are important considerations to take into account. We find that integration into the 
larger built-environment and the larger utility system is just as important as other drivers such as 
solar resource and cost to the use of PV to achieve energy sustainability and resilience goals.  In 
hot, humid climates the coincidence of cooling load with solar resource provides a valuable 
opportunity for such integration of supply with demand.    
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For the MAC region a research agenda is proposed in order to better understand and inform 
on appropriate mitigation and adaptation efforts as a consequence of extreme events, to secure 
local infrastructure and health of community residents (González et al. 2017). It thus becomes 
important to quantify energy demand requirements to maintain human comfort level during these 
very warm conditions in tropical coastal regions and to apply best mitigating strategies to reduce 
the overall and peak cooling demands. Here, we explore different active (Building integrated PV 
systems) and passive (cool roof) technologies in order to mitigate peak demands with its added 
benefits of power production at a city scale.  
In the global context, at least 40 GW of PV systems were installed globally in 2014, up 
from 37 GW in 2013 setting a new record for the solar PV sector (Rekinger et al. 2019). China, 
Japan and USA were the three top markets in 2014. The 540 GW mark at a global level could be 
reached in five years’ time  (by 2019) (Rekinger et al. 2019). The large sector of PV installation is 
seen in Utility-Scale PV installation, accounting 57.0% and Building-Scale PV accounting for 42% 
of the total market share in China (Villamar et al. 2011). As Building-Scale PV is gaining 
popularity because of availability of roof space and utility-cost savings, the importance of geo-
spatial information and 3D information, which could be unique for each city, becomes necessary 
for the estimation of PV potential for sites within urban areas. A recent development in estimation 
of PV potential in urban areas uses CityGML (CityGML 2020) which describes 3D city and 
landscape model including geometry, semantic, topology and appearance. This model has been 
improved to include PV simulations including shading of buildings in urban settings (Strzalka et 
al. 2012). However, the interaction between the urban climate and the buildings as well as 
determining the ratio of demand to production becomes essential for every urban environment and 
it is missing from current analysis tools.  To account for the interaction between climate, buildings 
14 
 
and energy demand with PV mounted roof, the use of non-hydrostatic version of the Weather 
Research and Forecasting (WRF) WRF (Skamarock et al. 2008) coupled to the multilayer building 
energy (BEP+BEM) system (Salamanca et al. 2010) has been recently conducted for the cities of 
Tucson and Phoenix in Arizona (Salamanca et al. 2016).  The results demonstrate that the 
deployment of cool roofs and rooftop solar photovoltaic panels reduce near-surface air temperature 
and cooling energy demand at the scale of the metropolitan area. The parametrization adopted in 
Salamanca et al. (2016), to characterize solar photovoltaic arrays in the multilayer BEM 
(Salamanca et al. 2016), is based on the scheme proposed by Masson et al. (2014) (Masson et al. 
2014) and assumes horizontal PV mounted roof with reparametrizing of BEM including the 
balancing of sensible heat flux through roof. However, the methodology proposed in the present 
work considers horizontal PV roof as well as tilted roof-top PV and cool roof, modifying the roof 
surface temperature as a consequence of the energy balance on roof under different conditions. 
This study focuses on roof surface temperature for different roof applications reporting on 2m air-
temperature, AC demands and solar power production.   
On the other hand, large scale PV installations (on ground) have been shown to increase 
UHI effects significantly, especially during nights for all four seasons (Barron-Gafford et al. 2016), 
however the effect on roof-top PV has been shown to decrease the temperature and UHI effects 
(Salamanca et al. 2016; Masson et al. 2014). However, for the South Coast Air Basin of California 
it was reported that roof-top PV have a net positive effect on the thermal storage of the buildings, 
an effect enhancing the existing UHI by up to 0.20C (Lebassi et al. 2013). On building level studies 
carried for the city of San Diego, CA, maximum roof temperature reached 600C for normal roof 
(albedo 0.25) and 400C for tilted roof-top PV with a cooling load reductions potential of 4.8 W/m2 
(clear days) to 1.6 W/m2 (under cloudy days) (Dominguez et al. 2011).  For the costal tropical city 
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of San Juan, Puerto Rico it was recently reported that at an increase in UHI by 1⁰C increases the 
Human discomfort index by 5% (Pokhrel et al. 2018).   
In the context of the coastal tropical cities such as those in the Caribbean, relevant 
science questions are:  how do the regional warming climate and the local urbanization 
effects interactions change with different building roofing technologies as mitigation 
options? and what may be the impacts of these two variables in social value variables such 
as energy and human comfort?   
The case study of the city of San Juan, Puerto Rico is considered due to the potential of 
this city to undergo rapid changes as part of the transformation post Hurricane Maria.1 According 
to Puerto Rico Integrated Resource Plan (IRP) 2018-2019 report, the renewable and alternative 
sources needs to increase by 20% by 2035 and 100% by 2050 (PREB 2019).  
 
1.7 Climate change Impacts on Environment and Energy Sustainability for a Tropical 
Coastal City 
The International Energy Agency (IEA) declared the rapid growth of electricity demand 
from building air conditioners (AC) as one of the most critical and often overlooked energy issues 
of our time (IEA 2018). The demand for cooling has recently grown to about 10% of total 
                                                             
1 . The Puerto Rico state legislature adopted a bill that would set a 100% renewable portfolio standard (RPS) by 2050 
as part of a broader package of energy reforms  (https://www.utilitydive.com/news/puerto-rico-passes-100-renewable-
energy-bill-as-it-aims-for-storm-resilien/551303/). 
Science Question-4: How do the warming climate and local urbanization effects interact with different 




electricity globally. The IEA predicts the cooling to account for 30% of total demand by 2050 
without additional policy interventions beyond the 2015 United Nations Paris Agreement. A 
common factor for most tropical coastal cities, where AC demand can often exceed 50% on the 
total energy budget (Edwards et al. 2012), can be directly impacted by changing climate.  
In one of a qualitative study, Caribbean islanders described their personal experiences and 
perceptions about climate change as increased average temperatures, the severity of weather 
events, and changes in rainfall patterns (Macpherson 2013). Besides, immediate impacts of 
increasing the sea surface temperature (Glenn et al. 2015) and extreme heatwave events (Angeles 
et al. 2018) which, in tropical and subtropical regions, will tend to increase the peak energy 
demands for air conditioning putting both the energy infrastructure and vulnerable population at 
high health risks. For the medium CO2 emission scenario (RCP 4.5), which projects rising 
radiative forcing, reaching 4.5 W/m2 by the end of the century, may increase energy demand 
between 31 and 62.5% of the current climate for the Caribbean region. This increase equivalent to 
8.15 GW of cooling energy demand as derived from a multi-model ensemble (Angeles et al. 2017). 
Analysis done with higher resolution downscaling for New York City with ‘business as usual’ 
(RCP8.5) scenario predicts a significantly higher maximum total cooling demand by 3.65 GW, an 
increase of 27.3% over the historical period (Ortiz et al. 2018)  Results on suburban Melbourne, 
Australia, located in a temperate/ oceanic climatic region in which more energy is currently used 
to heat buildings than for cooling, simulated results indicate a decrease of the gas demand for 
heating by 22% and increase peak electricity demand by 84.5% (Lipson et al. 2019). The study 
considers tripling the number of AC ownerships by the end-of-21st-century. Some of these studies 
concern particular states or regions, and the impacts estimated depend crucially on local 
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conditions. A common question for planners, utilities, and energy service providers is the 
projection of additional generation capacity required to meet the future energy demands. 
Consequently, policies and programs addressing mitigation are rapidly growing in Latin 
America and the Caribbean (UNEP 2003, UNEP 2000). The United Nations Environmental 
Program (UNEP), through its Economic Commission for Latin America and the Caribbean studies 
(ECLAC), has demonstrated that renewable energy sources would play an essential role in these 
regions contributing to improving the inhabitant quality of life. UNEP and the World Bank have 
several projects dealing with mitigating climate change in regional areas, where 31% correspond 
to the efficient use of energy and renewable energy (UNEP 2003). Aggressive policies aimed at 
upgrading only heating/cooling systems and appliances could result in decreased electricity use as 
low as 28%, potentially avoiding the installation of new generation capacity (Reyna et al. 2017).  
Buildings of future would be resource assets-fully self-aware, adaptive and would be in 
two-way communication with the electric grid thus optimizing operating cost and add market value 
to the assets (Wang et al. 2017) In addition to this, the stricter de-carbonization regulation would 
open doors to innovative designs and renewable energy integration in all building sectors. The free 
space available on rooftops used with the full potential for energy services to achieve the de-
carbonization goals and increase the building value. For city-scale deployment, different types of 
roof applications (cool roof, green roof, and PV roof) on buildings have shown to reduce air 
temperatures and energy consumptions (Salamanca et al. 2016; Roman et al. 2016; Akbari et al. 
2001; Oleson et al. 2010; Cotana et al. 2014; Ortiz et al. 2016).  One such means is rooftop PV 
installations, which shows to decrease the temperature and Urban Heat Island (UHI) effects 
(Salamanca et al. 2016; Masson et al. 2014) especially reducing day time UHI and peak energy 
demands (Pokhrel et al. 2020). It shows that a higher albedo of a tilted PV shaded roof can act as 
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a radiant barrier that reflects thermal radiation from the roof surface (Scherba 2011). Radiant 
barriers have widely used to reduce radiant heat transfer from the roof to building promoted by US 
DOE and Florida Solar Energy Center (FSEC) (Danny et al. 2003). 
In this work, we evaluate mitigation options (a combination of cool roof, Titled PV and 
efficient HVAC systems) based on the recommendations for reducing peak demands (with a 
reduction potential of 33%) from earlier studies by Pokhrel et al. (2019b) and Pokhrel et al. (2020); 
for San Juan Metropolitan Area (SJMA) of Puerto Rico. This study may also support public energy 
policy such as the Puerto Rico Integrated Energy Resource Plan which aims to increase energy 
efficiency in the Island by 25% by 2030, and the integration of renewable energy resources by 
100% by 2050 (IRP, PREPA).    
Evaluation of energy demands at larger urban scales has either focused on the use of 
statistical (Beccali et al. 2004; Howard et al. 2012) or process-based models (Ahmed et al. 2017; 
Olivo et al. 2017). The absence of interaction between weather and building is one of the 
limitations of these approaches and could amplify in the context of changing climate. An approach 
to resolve this limitation is by coupling weather prediction to Building Energy Models (BEM) 
(Vahmani et al. 2016; Tewari et al. 2017; Ortiz et al. 2018).  However, the computation cost and 
lack of urban morphology and its corresponding parameters have limited the studies to a few events 
or in-cases to short periods (<1 season). Here, we present the impacts of mitigation options on 2-
m air temperature and cooling energy demand reduction potential for the dense population region 
of SJMA for an extreme emission scenario for a multi-year period. The key science questions this 




This doctoral dissertation aims to answer the above listed four science questions integrated 
in the over-arching objective of exploring energy sustainability options for coastal tropical 
environments in the context of urbanization and climate change.   The specific objectives of the 
thesis are:   
1. To explore energy mitigation measures including both building integrated passive 
systems and active systems to optimize reduction potential for a dense coastal urban 
environment of a tropical coastal city. 
2. To explore the impact of climate change on environmental indices like extreme hot 
event, UHI and heat index with and without energy mitigation measures.  
3. To explore the impact of climate change on social variables like human discomfort 
index and energy usage with and without energy mitigation measures.  
The structure of the contribution is as follows. Chapter 2 presents the methods used. Chapter 3 
elaborates the results with validation and highlights different cooling load reduction strategies as 
well as results on climate change impacts on environmental variables on energy and environmental 
indices. Chapter 4 summarizes the main conclusions and future works. 
 
 
Science Question-5:  How are extreme temperature events projected under a warming climate for 
a tropical coastal city? What is the role of mitigation measures on environmental and energy 
sustainability under a warming climate for a tropical coastal city? 
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2. Data and Methodology:  
2.1 Human Discomfort Index (HDI), and Urban Heat Island (UHI) 
The National Center for Environmental Prediction (NCEP) data at a coarser resolution (250 
km, 6hrs) and the North American Regional Reanalysis (NARR) data (32 km, 3hrs) are utilized 
for key regional environmental variables for the Caribbean: Temperature, humidity and surface 
pressure. Monthly utility records from the local utility, Puerto Rico Electric Power Authority 
(PREPA) for total energy consumption for entire Puerto Rico are also used in the analysis. This 
data includes residential, commercial, industrial and other energy usage for a period of 1980-2014. 
For local scale, data from the weather station located at San Juan International Airport (SJIA) is 
used. Human Discomfort Index (HDI), environmental enthalpy, and Energy Per Capita (EPC) are 
defined using the following relation: 
)84.1404.1998()15.273(006.1 TWTh       (2.1.1) 
Where, T is ambient temperature in degree K, W is mixing ratio (kg of moist air/kg of dry air), and 
h is the environmental enthalpy in kJ/kg. The mixing ratio, W, is calculated using the following 
equation. 
           (2.1.2) 


































Where, P and Ps are the local total pressure and the saturated vapor pressure at the 
temperature, respectively both in kPa, and T is in Kelvin.  In addition, the latent heat for water, Lv, 
and the water vapor constant, Rv, are,  
1116 461105.2   KkgJRkgJL vv  








Where, href is desired enthalpy at 22⁰C and 50% RH, and represents a single value indoor 
human comfort level (ASHRAE 1999), where, positive values indicate cooling needs and negative 
values indicate heating needs. HDI zero represents neither heating nor cooling (at reference indoor 
condition of 220C and 50% RH) or natural ventilation conditions.  Energy per person or EPC is 
the total energy required to maintain a human comfort at reference indoor conditions and is defined 
as 
HDIhEPC refair
31092.6         (2.1.5) 
The volume flow rate of 6.92 L/s per person is  a typical value for infiltration and/or natural 
ventilation requirements to maintain indoor air quality (ANSI/ASHRAE Standard 62-2001).  EPC 
also assumes that close to 30% of the total energy due to air conditioning is due to infiltration, and 
the typical performance of air conditioning systems, quantified in terms of coefficient of 
performance (COP) is 3.0 (Liddament and Orme. 1998).    
The non-urbanized version of Weather Research and Forecasting (WRF, version 3.8) 
Model, a next-generation mesoscale numerical weather prediction system designed for both 
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atmospheric research and operational applications (Skamarock et al. 2008), was chosen for the 
numerical experiments utilizing single layer urban canopy model (SLUCM) to study HDI, EPC 
and UHI. Three domains of spatial resolution of 25, 5, 1 km are used to configure the WRF with 
50 vertical levels.  The coarser domain contains countries of Mesoamerica and the Caribbean 
region (MAC) and Pacific Ocean, Atlantic Ocean and the Caribbean Sea. The finer domains 
contain most part of Puerto Rico and of San Juan metropolitan area, respectively. The domain 
configuration is shown in Figure 2.1. A summary of the parameterizations used to configure the 
model is given in Table 2.1. The land surface for all domains was categorized using MODIS 21 
category data. Figure 2.2 shows the LCLU for SJMA and the topography contour at an interval of 
150m. Elevation is seen to be highest towards east and south of SJMA Figure 2.1.2, where LCLU 
of 13 is urban built up land. To study UHI and its impact on HDI the urban built up land was 
substituted by abundant evergreen broadleaf forest and is simulated as run2 in WRF.  The choice 
of dominant forest as evergreen broadleaf forest as rural reference is consistent with previous 
works by Comarazamy et al. (2010).  Also, by substituting urban land (run1) by forest (run2) and  







Land Surface Model Unified Noah land-surface Model 
Long wave radiation Rapid Radiative Transfer Model (Mlaware et a. 1997) 
Short wave radiation Dudhia Scheme (Dudhia et al. 1989) 
Planetary boundary layer Younsei University Scheme (Jiminez et al. 2012) 
Cumulus Kain Fritsch (Kain et al. 2004) 
Microphysics WSM6-class graupel scheme (Hong et al. 2006) 
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defining UHI by difference in temperature of run1 and run2, we avoid the discrepancy that may 
arise while choosing rural reference due to elevation changes.  
 
Figure 2.1: WRF Domain Configuration (d01=25 km; d02=5km; d03=1km) 
 
Figure 2.2: Land Cover Land Use (LCLU) and topography over SJMA:  
[LCLU: 1 -Evergreen Needleleaf Forest 2- Evergreen Broadleaf Forest 3- Deciduous Needleleaf 
Forest 4- Deciduous Broadleaf Forest 5 -Mixed Forests 6 Closed Shrublands 7- Open Shrublands 
8 -Woody Savannas 9- Savannas 10- Grasslands 11- Permanent Wetlands 12- Croplands 13- 
Urban and Built-Up 14- Cropland/Natural Vegetation Mosaic 15 -Snow and Ice 16 -Barren or 
Sparsely Vegetated 17- Water 18- Wooded Tundra 19- Mixed Tundra 20- Barren Tundra. 
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Elevation of 750 meters towards East and South of the SJMA (urban area) is observed. The red 
dot on topography indicate the location of weather station].  
 
2.2 WUDAPT LCZs 
Since this study concerns energy demand for a tropical coastal city, urban morphology (Land 
Cover Land Use) and urban parameters (provided by a look-up table) become an essential 
component in multi-layer urban canopy models like BEP, which provides momentum and energy 
exchange with the atmosphere and is named as urban WRF. For major US cities, NUDAPT (Ching 
et al. 2009) is typically used for defining urban morphology and its corresponding parameters in 
urban physics parameterization. Limitation of NUDAPT classification for Puerto Rico led us to 
use WUDAPT, Land Class Zones (LCZs) (Stewart and Oke. 2012). The flow chart below which 
describes the overall methodology for running urbanized version of WRF model that incorporates 
WUDAPT LCZs as urban classes is illustrated by Figure 2.3. The primary steps include WUDAPT 
LCZs classification, integration of LCZs into WRF, defining urban parameters, executing uWRF 
and finally validating and analyzing the results. Red balloons indicate validation and all other 





Figure 2.3:  Methodology employed in this study for implementing WUDAPT into urbanized WRF  
 
2.2.1 Creating the urban land mask with WUDAPT 
To create an accurate representation of the urban land use, the WUDAPT LCZs 
classification system is used. The region of interest for LCZs classification includes the entire 
SJMA, delineated by the red rectangle as shown in Figure 2.4a. Figures 2.4b and 2.4c show the 
topography of the island with high elevation observed at the central mountain range and at the El 
Yunque National Forest both are in close proximity to the urban built up land. The WUDAPT 
methodology consists of creating the LCZs training areas using Google Earth Pro and masking the 
region of interest with Landsat 8 satellite images using SAGA GIS. WUDAPT methodology 
fundamentally relies on supervised classification of Landsat satellite scenes into LCZ types based 
on training areas (TAs) that are created by urban experts who identify parts of the urban landscape 
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that exemplify each type present in a city. The masked landscapes with different LCZs are then 
compared with Google Earth Pro landscapes and are reiterated until satisfactory representation is 
obtained. The WUDAPT Level 0 data includes urban topology and its corresponding parameters. 
More information on WUDAPT methods is reported in WUDAPT’s guide (www.wudapt.org ). 
The training area developed for SJMA consisted of 5 major Urban classes: compact high rise 
(CHR), compact low rise (CLR), open high rise (OHR), open low rise (Open L Rise) and sparely 
built and are shown in Figure 2. 5.  
     
Figure 2.4: (a) Google earth view of Puerto Rico, with region of interest (b) topography for the entire island (c) 
elevations of eastern Puerto Rico with location SJMA and El Yunque National Forest. 
 
Figure 2.5: Most common Urban LCZs for the training Area. CHR-Compact High Rise (1.3%), OHR-Open High 
Rise (1.6%), CLR-Compact Low Rise (25.9%), Open LR-Open Low Rise (13.23%) and Sparsely Built (53.8%).   
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2.2.2  Incorporating the WUDAPT urban LCZs into WRF 
The region of interest of WUDAPT domain has a coverage area of 2220 which contains 
the entire SJMA. The area covered by the urban region is 735.75 km2; 2.3% of urban region is 
compact high-rise, 1.3% is compact mid-rise, 25.9% is compact low-rise, 1.6% is open high-rise, 
13.23% is open low-rise, 1.76% is large low-rise and 53.8% is sparsely built. There are no areas 
classified as open mid-rise, lightweight low-rise and heavy industry.  Figure 2.6a shows the 
WUDAPT Level 0 data with 17 different LCZs. Figure 2.6b shows the integration of the 
WUDAPT 10 different urban classes on the finest domain of the mesoscale model at a resolution 
of 1km. Figure 2.6b also shows the location of the weather stations (white triangles). A method to 
include WUDAPT LCZs in WRF is described by Martilli et al. (2016). The up-scale interpolation 
into the finest grid on the mesoscale model leads to the loss of information such as neighborhoods. 
The final result shows the urban coverage of 635 km2; compact high-rise is 1.2%, compact mid-
rise is 1.1%, compact low-rise is 38.7%, open mid-rise is 0.3%, open low rise is 11.8%, large low-
rise is 0.6% and sparsely built is 46.2%. There is abundance of water bodies and green areas 
surrounding the metropolitan area of San Juan. Figure 2.7 shows the spatial distribution of 
WUDAPT Level 0 data for building surface fraction (in percentage) and building heights (in 
meters) for all LCZs. The building surface fraction (the ratio of the building plan area to total plan 
area) is maximum at 40-60 % for the compact high rise and less than 10 % for water bodies. 
However, the building heights do not show much heterogeneity in the region of interest, for the 
entire urban region the value of building heights is 3-10 meters with scattered regions greater than 
25 meters. The data for the building surface fraction and building heights were used from the look 




Figure 2.6: (a) WUDAPT LCZs at a resolution of 100 meters and (b) WRF integration of WUDAPT LCZs at a 




Figure 2.7: (a) Building surface fraction and (b) building heights distribution for SJMA 
2.2.3   Definition of Urban Parameters 
Once incorporating urban LCZs in WRF land cover land use, each zone needs to be 
assigned its own parameters that relate to its form and function. These parameters include urban 
fraction, thermal properties of roads, building wall and roof, dimensions of roads and buildings, 
efficiency of heat exchanger and Coefficient of Performance (COP) for Air Conditioning (AC) 





systems and heat generated by equipment etc. The key parameters with its corresponding values 
used in this work are tabulated in Table 2.2, which is gathered from different sources  (ASHRAE 
1999; Stewart and Oke 2012; Stewart et al 2014).   
Table 2.2: Urban parameters used in urban WRF Simulation 





















Urban fraction % 100 95 90 65 65 85 30 
Roof heat capacity J/m3K 1.95E6 2.4E6 2.219E6 1.95E6 2.219E6 2.4E6 8.916E6 
Roof thermal conductivity W/mK 1.1538 0.937 0.649 1.1538 0.649 0.937 0.1615 
Roof albedo % 13 18 15 13 13 18 13 
Roof emissivity % 91 91 91 91 91 91 91 
Roof width M 15 17.5 9 32 105 28.8 10 
Ground heat capacity J/m3K 3.84E6 4.14E6 4.425E6 4.88E6 5.07E6 4.20E6 5.833E6 
Ground thermal 
conductivity 
W/mK 0.4004 0.4004 0.4004 0.4004 0.4004 0.4004 0.4004 
Ground albedo % 15 15 16 17 18 16 19 
Ground emissivity % 95 95 95 95 95 95 95 
Wall heat capacity J/m3K 1.698E6 4.266E6 3.945E6 2.5E6 3.94E6 2.4E6 15.8E6 
Wall thermal conductivity W/mK 1.1538 0.937 0.649 1.1538 0.649 0.9375 0.1615 
Wall albedo % 25 20 20 25 25 25 25 
Wall emissivity % 90 90 90 90 90 90 90 
Road width M 15 12.7 5.7 37.5 12.4 32.5 10 
Building height M 25 17.5 6.5 25 6.5 6.5 6.5 
Building area fraction 
(BAF) 
% 50 40 40 20 20 20 16 
COP of AC system  3 3 3 3 3 3 3 
Target temperature of AC 
system 
K 297 297 297 297 297 297 298 
Heat generated by 
equipment 
W/m2 36 30 25 20 15 36 10 
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2.3 The Urbanized Weather and Research Forecast Model 
To quantify the building energy demands for SJMA, this study employs an urbanized 
version of WRF model (Skamarock 2008). WRF predicts the weather, including temperature, 
winds, shortwave and longwave radiation, surface heat fluxes and rainfall, among many other 
environmental variables. The weather variables can be used and modified by different physics 
modules, which enable to take into account the effect of the urban land mask on the atmospheric 
dynamics. The two schemes used in this work are the Building Effect Parameterizations (BEP) 
(Martilli et al. 2002) and the Building Energy Model (BEM) (Salamanca et al. 2010). BEP takes 
into account the influence of buildings and urban heterogeneities on the urban canopy layer.  In 
other words, account for the loss of momentum due to drag induced by buildings as well as 
shadowing and radiation trapping effects within urban canyons. BEM on the other hand, computes 
heat fluxes between the indoor and outdoor sides of each buildings and it also takes into account 
the presence of air conditioning systems, windows and equipment inside the building’s room.  
BEM also uses bulk equipment and occupancy heat sources based on an hourly schedule to 
quantify the combination of these components to the building energy budget. To resolve the 
interaction between the land surface and the atmosphere, the NOAH land surface model (Tewari 
et al. 2004) is used. The NOAH land surface model makes use of land use classes to determine 
thermal, radiative and hydrological properties of the land surface.  
The urbanized WRF model is set up to run at a spatial resolution of 1 km by 1km over the 
SJMA, where the highest urban density and variability in land cover and land use is found. Two 
nested domains of decreasing grid spacing (5 km and 1 km) are embedded in areas of interest with 
a 25 km resolution parent domain consisting of large areas to capture synoptic conditions are used 
as model domains as shown in Figure 2.8. The coarser domain contains countries of Mesoamerica 
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and the Caribbean region (MAC) and Pacific Ocean, Atlantic Ocean, and the Caribbean Sea. The 
finer domains contain most part of Puerto Rico and of San Juan metropolitan area, respectively. 
Fifty-one vertical levels are used in the atmospheric component with a time step of 45s for the 
coarsest domain, with each nested domain having three time steps per parent domain calculation. 
The model was configured to use the rapid radiative transfer model (RRTM) for longwave 
radiation (Mlawer et al. 1997), the Dudhia scheme for short wave radiation (Dudhia et al. 1989), 
the Mellor-Yamada-Janjic planetary boundary layer scheme (Janjić 1994), the Kain-Fritsch 
cumulus parameterization (Kain 2004) and the WSM6 microphysics (Hong et al. 2006). Initial and 
boundary conditions used include six-hourly Re-analysis with 250 km horizontal resolution, 
National Center for Environmental Prediction (NCEP) model.  
 
Figure 2.8: WRF Domain configuration and LCLU (need to complete the legend of land classes; 39-urban, 17-water, 
1-etc. at least a few representative) 
 
Key simulation results for variables such as surface temperature, humidity and vertical 
profiles are validated against weather stations and radiosonde data available for SJMA. For air 
conditioning demand the output of WRF variables is compared with the utility data and 
EnergyPlusTM simulation for different US Department of Energy reference buildings for both 
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commercial and residential types constructed after 1980 (Deru et al . 2011). The EnergyPlusTM is 
a collection of modules that calculate the energy required for heating, cooling lighting, and 
appliances of a single building. It does this by simulating the building energy balance and 
associated energy systems when they are exposed to different environmental (outdoor 
temperatures, solar radiation and wind) and indoor operating conditions (set points for temperature 
and humidity, equipment and schedules) using fundamental heat and mass balance principles of 
conduction, convection and radiation (Berkeley et al. 2017). Validation of BEP-BEM 
parameterizations against EnergyPlusTM was also recently reported for Beijing, China with good 
success (Xu et al. 2018). To explore the different mitigation alternatives to reduce cooling load 
demand during an extreme heat wave event, the urbanized version of WRF is further explored with 
different building energy options such as; higher envelope thermal insulation, high efficient AC 
system, white roofs, increasing target temperature of conditioned spaces, and finally the 
combination of all. Table 2.3 provides the summary of different cooling load mitigation 
alternatives used in this study. The alternatives explored in this work are solely on integrated 
building technologies that improve heat balance rather than exploring building integrated active 










Table 2.3: Different mitigation alternatives used to explore cooling load reduction  














Normal Roof & Wall 
(Conductivity –W/mK) or 
normal condition 
1.1538 0.937 0.649 1.1538 0.649 0.9375 0.1615 
Thermal Insulation of Roof 
& Wall 
Thermal conductivity of wall and roof reduced by 10% 
COP of AC System  Increased to 3.5 from 3.0 
Roof Albedo (white roof) Increased to 0.7 from 0.16 (average) 
Indoor Target Temperature  Increase to 298 K from 297 K 
Combination of All Insulation+COP+White Roof+Indoor Target Temperature 
 
 
2.4.  Modified BEM utilizing Roof Surface Energy Balance Including PV 
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Energy balance is carried out for normal roof (Eq.2.4.1), horizontal PV roof (Eq. 2.4.10) 
and tilted PV roof (Eq. 2.4.12).  These conditions are schematically represented in Figures 2.9 and 
2.10. For normal roof, the heat flux from the roof surface is balanced by the incoming solar 
radiation both short and long wave and heat transfer by convection from the roof surface. The 
computed sol-air temperature (Eq. 2.4.5) of the normal roof is a function of albedo (α), incoming 
solar radiation (I), the heat transfer coefficient (hc and hr), the ambient temperature (Ta) and the 
radiant temperature of sky (TR).  The roof surface temperature is computed from sol-air 
temperature by utilizing equation 2.4.17.  
The surface energy balance of a horizontal PV roof is given by Equation 2.4.10, where Epv 
is the power produced by PV panel. The temperature of PV panel is assumed to be the surface 
temperature of the horizontal PV roof given by Equation 2.4.11. The sol-air temperature in this 
case is dependent on ambient temperature and solar radiation, which is converted to surface 
temperature utilizing equation 2.4.17. 
Finally, the surface energy balance of the tilted PV roof assumes that the radiation from 
the back of the PV panel is absorbed by the roof along with incoming long wave radiation from 
the sky which is balanced by outgoing radiation and convective heat flux from the surface of tilted 
PV roof. The sol- air temperature in this case is dependent on PV temperature, air temperature, the 
heat transfer coefficients and surface albedo.  Each of the parameters in the equations are defined 
in the nomenclature section.  The following equations are per unit collector area (m2) and per unit 
time (s).  
Surface energy balance over flat (normal) roof. 
dx
dT
kTThTTIa sascssRskyr  )(
44 
     2.4.1. 
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(Höglund et al. 1967)   
03.004.0))(( 22  IwhenhIwhenhTTTTh ccRsRsr      2.4.2 
 
(Höglund et al. 1967)    
6.54  ac Uh     (Defraeye et al. 2011)                 2.4.3. 
142.1  aR TT   (Höglund et al. 1967) 




 (Höglund et al. 1967)      2.4.4. 
Where 
'
sT = sol-air temperature  













       2.4.5. 
Energy balance over PV 
)()( aPVPVpvPV TTUEIa         2.4.6.  
ITTE refPVRPV )]([     (Mattei et al. 2006)     2.4.7. 
aPV UU 9.21.24   (Mattei et al. 2006)       2.4.8. 
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        2.4.11. 
 
Surface energy balance over tilted PV roof 
dx
dT
kTThTTIa sascssRskyr  )(
44
12 
      2.4.12. 
Where I2 is the radiation from back of the tilted PV panel to roof and is given by 






 IwhenhIwhenhTTTTh ccRsRsr         2.4.14. 
51.11  aR TT           2.4.15. 
From equations 2.4.4, 2.4.11, 2.4.12, 2.4.13, 2.4.14, 2.4.15 the surface temperature of tilted PV 












       2.4.16. 
The final roof temperature for normal roof, horizontal PV roof and tilted PV roof are calculated 










        2.4.17.  
Where Ur is the heat loss coefficient of roof. 
Tref=24⁰C, %18R
10%07.0  C , (Mattei  et al. 2006)  
85.0r  For normal roof and 0.3 for cool roof. and cmx 17  
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855.0)( PV , 
 IUT aa ,, are used from the WRF outputs.  
 
The surface temperature of roof in BEP-BEM was modified to incorporate the proposed changes 
as depicted by Equation 2.4.5 (twice), 2.4.11 and 2.4.16 to represent normal roof (average albedo 
of roof 0.15), cool roof (roof albedo 0.7), horizontal PV roof and tilted PV roof respectively. 
Modification of roof surface temperature on BEM due to different roofing application with the 
energy balance on PV and roof is presented in Figure 2.10   
 
 
Figure 2.10: Building Effect Parameterization (BEP) and modified Building Energy Model (BEM) 
 
The urbanized WRF parameterization described in section 2.3 is used in this study. 
Atmospheric initial and boundary conditions used include six-hourly Re-Analysis with 250 km 
horizontal resolution, National Center for Environmental Prediction (NCEP) model. 
This modification of roof surface temperature is done in order to evaluate the response to 
changes in 2m air temperature and AC demand for PV applications in roof as compared to the 
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normal roof.  The effect of different roof applications is studied for temperature and air 
conditioning demand for SJMA with WUDAPT LCZs. Then, the radiation parameters, output of 
uWRF, is further studied to find the power production with PV installation on roof for both 
horizontal and tilted PV. For this purpose, the isotropic diffuse model, for the direct, diffuse and 
ground reflectance components of solar radiation on the tilted and horizontal surface (as shown in 
Eq. 2.4.17) is used (Duffie and Beckman. 1974). 
 
rdbddbb rIIrIrII )(           2.4.17. 
 
PV power potential both for a horizontal surface and a tilted surface of 200 is computed utilizing 
above equations. Where I is radiation on a tilted and horizontal surface, Ib is direct and Id is the 
diffuse radiation. The radiation components of the beam (direct), diffuse and ground reflectance is 
given in Equation 2.4.18. 
 
            2.4.18. 
 
 
2.5 Definition of Extreme Hot Events 
There are various definitions of heatwaves for human health (Karl et al. 1997; Delworth et 
al. 1999; Robinson 2001; Deo et al. 2007; Fischer et al. 2010). Unfortunately, for some regions, a 
limitation exists due to the unavailability of reliable relative humidity data. Definitions are also 
sector-specific (health, engineering industries, agriculture industry), and incorrect definition may 





















consecutive maximum temperatures per day would be sufficient to study the impact and integrity 
of power utility to meet peak demands (Colombo et al. 1999). For SJMA Pokhrel et al. (2019a) 
and Eastern U.S. Ortiz et al. (2018), studies have shown that temperature is a crucial indicator of 
total electricity consumption. The historical record of SJIA indicates that 32.20C and 32.80C 
represent the 90th and 95th percentile of the data sets for a period of 1980-2015. These hot events 
occur mostly during the late rainfall seasons (Aug-Nov) when electricity consumption is 
climatologically high (Pokhrel et al. 2019a). For Puerto Rico consecutive maximum temperature 
was used to define extreme heat events as consecutive maximum temperature at different 
percentile (Méndez-Lázaro et al. 2015) and was shown to have a better correlation with energy 
consumptions and has significant effect on mortality, especially for stroke and cardiovascular 
diseases (Méndez-Lázaro et al. 2016).  A particular documented extreme heat episode took place 
in the August of 2012 reaching as high as 350C, where a strong surface high-pressure system 
northeast of SJMA occurred (Méndez-Lázaro et al. 2015). This high pressure-induced 
southeasterly winds that were responsible for the record high summer temperatures, leading to 
high mortality rates related to heatstroke and cardiovascular diseases reported during the same 
period  (Méndez-Lázaro et al. 2016).  Thus extreme heat episode (defined as consecutive maximum 
temperature at high percentile >90th ) impacts both human comfort and health and vulnerability 
depends to demographic, social and economic characteristics (high vulnerability, particularly 
among the elderly, young children, people with chronic illness and in socially and economically 
disadvantaged group.  
 
This dissertation defines extreme hot events episodes as three consecutive days 
representing the 90th percentile (32.20C) of the entire datasets, which would have impacted not 
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only to power infrastructure but poses health-related risks too. Figure 2.11 shows a time series of 
daily maximum temperature for late rainfall season of 2014. From the entire record from 1980-
2014 for SJIA, 90th percentile represents 32.20C, 95th percentile 32.80C and 97th percentile as 
33.30C. It is observed that late September to early October represents a period where three 
consecutive days greater than 95th percentile and prolonged period for 90th percentile.  
 
 
Figure 2.11: Daily Maximum Temperature for late rainfall season of 2014 
 
2.6 Observation Record used in this Study.  
In order to validate the meteorological variable and energy demands from model 
simulations different observation records were utilized in this study. Weather station located as 
SJIA were downloaded from NOAA. (2020) and provides hourly record from 1980-recent with 
different environmental variables, like dry bulb and wet bulb temperature, wind speed and wind 
directions. Same NCDC link for other stations record mostly daily summaries were also used for 
different stations at SJMA. NCDC stations within the limit of SJMA were selected for having long, 
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mostly uninterrupted measurement periods spanning multiple decades. Radiosonde upper air 
soundings for vertical profile of potential temperature, wind speed and direction for station on 
SJIA is download from  University of Wyoming (UWYO 2020)  for 8 AM LST and 8PM LST. In 
addition to point based data the spatial data covering air temperature, humidity and surface 
pressure from NCEP and NARR were also utilized.  
 
In addition to environmental variables, monthly energy consumption record of 1980-recent 
for entire island were used in the analysis from PREPA (2020).  Census population record from 
1980-2014 for each municipality of the island Puerto Rico were also used from CENSUS (2020).  
 
2.7 GCM Ensemble 
This study also explores future energy climate and associated energy demands.  For this, 
two approaches are used; single point projections and dynamical downscaling techniques, and 
these will be explained in detail in subsequent lines and sections. For single point projections, 
ensemble members of Global Circulation Models used belong to the Fifth Climate Model Inter-
comparison Project (CMIP5; Taylor et al., 2012) and are detailed in Table 2.4. For each model, 
we considered daily maximum temperature from the late rainfall seasons (August–November) 
between 2006 and 2100. Two scenarios are considered based on the representative concentration 
pathways (van Vuuren et al., 2011), RCP4.5 and RCP8.5, which use a combination of policy, 
technology, and demographic projections to estimate global radiative forcing paths. RCP4.5 
(Thomson et al., 2011) is considered a medium emissions scenario, with increasing global radiative 
forcing that stabilizes by 2100 at 4.5 W/m2. RCP8.5 (Riahi et al., 2011) is a high emission or 
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“business as usual” scenario, with increasing radiative forcing reaching around 8.5 W/m2 by end 
of century. 
 
TABLE 2.4: Twenty-five-model ensemble and center of-origin used in single point heat wave 
projections based on location of SJIA (18.35220 lat. × -66.11860lon.)  













Commonwealth Scientific and Industrial 




1.25 × 1.875  
1.25 × 1.875 
18.75×-63.75 
18.5×-66 
Canadian Centre for Climate Modeling and 
Analysis (Canada) 
CanESM2 2.7906× 2.8125 18.139×-67.5 
National Center for Atmospheric Research 
(United States) 
CCSM4 0.9424 × 1.25 18.376×-66.25 
Centro Euro-Mediterraneo per i Cambiamenti 
Climatici (Italy) 
CMCC-CMS 3.7111 × 3.75 17.72×-65.625 
Centre National de Recherches 
Météorologiques/Centre Européen de Recherche 
et de Formation Avencée en Calcul Scientifique 
(France) 
CNRM-CM5 1.4008 × 1.40625 18.911×-66.094 
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Commonwealth Scientific and Industrial 
Research Organization/Queensland Climate 
Change Centre of Excellence (Australia) 
CSIRO-Mk3.6.0 1.8653 × 1.875 17.72×-66.25 




2.0225 × 2 
2.0225 × 2 
19.214×-66.25 
19.214×-66.25 





2 × 2.5  
2 × 2.5  




Met Office Hadley Centre (UK) HadGEM2-AO  
HadGEM2-CC  
HadGEM2-ES 
1.25 × 1.875  
1.25 × 1.875  








1.8947 × 3.75 
 1.2676 × 2.5 




Japan Agency for Marine-Earth Science and 
Technology, Atmosphere and Ocean Research 
Institute/National Institute for Environmental 
Studies/Japan Agency for Marine-Earth Science 




2.7906 × 2.8125  
2.7906 × 2.8125  




Max Planck Institute for Technology (Germany) MPI-ESM-LR  1.8653 × 1.875  17.71996×-65.625 
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MPI-ESM-MR 1.8653 × 1.875 17.71996×-65.625 
Meteorological Research Institute (Japan) MRI-CGCM3 1.12148 × 1.125 18.50458×-66.375 
Institute for Numerical Mathematics (Russia) MRI-CGCM3 1.5 × 2 18.75×-66 
 
2.8 Statistical Bias Correction 
For single point projections, ensemble members of Global Circulation Models for 
temperature records that is further bias corrected for mean and standard deviation for reference 
point (SJIA). These historical records of SJIA were in turn used to perform bias correction GCM 
projections following the work of Piani et al. (2010) and Hawkins et al. (2013). The bias correction 













Here, T refers to the temperature records and σ refers to its standard deviation. Subscripts Obs and 
GCM refer to observation and model data, respectively, while REF and RAW refer to the reference 
(2008–2017) and entire projection periods (2006–2099). The over bar ( ¯ ) marker denotes use of 
the average for the specified data set and time period. For all models, the geographically closest 
land grid point to SJIA was used to develop all projections. A single point is used due to GCMs' 






2.9. Dynamic Downscaling for Future Climate Change 
The results from statistical downscaling is used and served as a reference to carry out 
dynamic downscaling providing key periods to simulate, beside other advantages of dynamic 
downscaling. The flow chart, which describes this study's overall methodology for future climate 
and energy projections (including statistical and dynamical downscaling), is illustrated by Figure 
2.12.  Point based projections for temperatures and humidity are used to forecast long term 
projections of these variables until 2100, which guides the more detail projections.  As indicated 
before, for detail projections, this study uses a high-resolution configuration of the urbanized WRF 
model coupled with a modified multi-layer urban canopy and BEM parametrization as a tool to 
study changes in building cooling demand under climate change conditions. The bias-corrected 
runs of the Community Earth Systems Model version 1 (CESM1) (Bruyere et al. 2015) datasets 
used as initial and boundary conditions. The regional-scale biases due to having coarse spatial 
resolution and limited representation of some physical processes corrected in CESM1 with bias 
correction method developed by Bruyere et al. (2015). Their work adjusts CESM outputs by 
combining a 25-year (1981-2005) mean annual cycle from ERA-Interim reanalysis and a 6-hourly 
perturbation terms representing the climate signal. The bias correction removes the mean annual 
bias while retaining the day-to-day climate variability from CESM as following.  
𝐶𝐸𝑆𝑀𝐵𝐶 = 𝐸𝑅𝐴𝐼(𝑚𝑒𝑎𝑛) + 𝐶𝐸𝑆𝑀′ 
Regional modeling forced with bias-corrected CESM was shown to improve results (Bruyere et 
al. 2014). Specifically, temperature over the Caribbean region showed a deceased cold bias when 
all boundary condition variables corrected with reanalysis data. Sea Surface Temperature from 




Figure 2.12: The overall methodology adopted in this study for future climate and energy projections. 
 
Dynamically downscaled simulations are evaluated at LRS for a period from 2008 to 2012 
(considered historical), 2048 to 2052, and 2092 to 2096 to capture LRS variability of current, mid-
century, and end-century period. Peak 2m-air temperature and energy demands for Puerto Rico 
occurs during Late Rainfall Season (LRS) covering August to November. During LRS, both 
extreme temperature events and peak energy demands exist for the entire Island (Pokhrel at al. 
2019b). We consider a projection case based on representative concentration pathways (RCPs) 
(van Vuuren et al. 2011) a ‘business as usual’ (RCP 8.5) scenario, which projects rising radiative 
forcing, reaching 8.5 W/m2 by the end of the century. The simulation covers two sets of 
experiments: normal conditions and mitigation alternatives. The normal condition represents 
normal roof conditions as in BEM and mitigation alternatives covers building-integrated passive 
systems like cool roof (albedo changed to 0.7 from 0.15), and active systems such as higher 
Coefficient of Performance (COP; 3.5 from 3), and tilted solar photovoltaic in roofs (PV) (50% of 
roof area for mid-century, and 100% of roof area for end-century) based on their reduction 
potential for the same region. The passive building-integrated mitigation options considered here 
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have previously studied by Pokhrel et al. (2019a). For a roof with tilted PV, the approach follows 
work from a recent study by Pokhrel et al. (2020), where the building roof temperature of BEM 
has adjusted using modifications based on the energy balance of roof including titled PV.  All 
numerical experiments assessed by maintaining all land surface morphology as of 2008-2012, 
which consists of WUDAPT LCZs for urban classes and MODIS LCLU for natural classes.    
 
2.10 Summary of Simulations.  
To answer the Science Questions 1-5 that drives this work, we used WRF simulation with 
both Single Layer Urban Canopy Model (SLUCM) and Multi-Layer Urban Canopy Model 
(MLUCM) as shown in table 2.5. The main experimental details contain city case, no city case, 
different mitigations alternatives both passive and active systems and future projections with and 
without mitigation measures. The climate projections are long term simulations from Aug-Nov for 
2008-2012 (historic), 2048-2052 (mid of century) and 2092-2096 (end-of-century) that highlights 
projection of environmental variables and air conditioning demand, while other simulations are 
short term based on an extreme hot events. For city case, study is focused on Human Discomfort 
Index (HDI) and Energy Per Capita (EPC), where no city cases involve study of Urban Heat Island 
(UHI). The passive mitigation measures are studied for peak AC demand and UHI while active 










Parameterization Experiment Detail Duration Main attributes 
1 SLUCM City case Sept29-Oct2,2014 HDI, EPC 
2 SLUCM No city case Sept29-Oct2,2014 UHI 
3 MLUCM 
Insultation 






























The results of this dissertation are organized based on the research questions, first we answer 
questions concerning urbanization and expand to answer questions on how UHI, HDI and EPC are 
correlated with each other and to observed electric energy consumption. The key questions on 
different passive mitigation alternatives to reduce peak air conditioning are presented next after 
presenting validation of LCLU and Energy demands. The role of PV integration on building roof 
on mitigating peak air conditioning demand as well as ratio of power production and demand is 
presented thereafter. Finally, the results are presented on the use of statistical and dynamical 
downscaling techniques for projections of environmental variables and energy demands.  
 
3.1 Electricity consumption for the Island of Puerto Rico 
Results for energy consumption and population growth are presented in Figure 3.1. Data 
for energy demand Island wide was obtained from PREB, while the population records were 
extracted from US Census data for the years 1980-2016 in both cases (observation records are 
discussed in section 2.11).  Energy per capita (EPC) is taken as aggregate as island-scale is the 
only data readily available. EPC was taken as a ratio of total consumption and population. It is 
observed that the population is the major factor in energy consumption, as total energy 
consumption increases with increase in population (period 1980-2000) and fluctuates around the 
mean of 1600 GW-h (period 2000-2016). The pattern is the same for the sum of residential and 
commercial energy, increasing trend up to the year 2000 and fluctuates at a mean of 1200 GW-h 
after the year 2000. Almost 72% of the total energy consumed is by residential (31%) and 




Figure 3.1: Monthly records of observed total electrical energy consumption in GW-h and population growth during 
a period of 1980-2016  
 
Figure 3.2 shows the climatology of Electrical EPC per month per person for three periods: 
from 1980-2016, 1980-2000, 2000-2014. It is visible that LRS (Aug-Nov) has a higher energy 
demand of 370 kW-h/month per capita and DS (Dec to Mar) has a low energy demand per capita 
of 320 kWh/month, whereas for ERS it varies each month.  EPC for Puerto Rico is 2.8 times less 





Figure 3.2: Climatology of EPC for Puerto Rico in kW-h/person/month from utility records 
 
3.2  EPC and HDI from Environmental Records  
The maximum, mean and minimum positive HDIs are presented in Figure 3.3 (for local 
scale) indicating cooling requirements. The HDI positive can reach a maximum value of 0.7 and 
the minimum value as low as 0.1 with corresponding EPC of 9 kW-h/day and 1.3 kW-h/day (when 
C=0.5396 (what is C is a constant)). This numbers indicate that there is a high fluctuation of EPC 
ranging from 1 to 10kWh-day and there are no days where heating is needed (-ve HDI). The 
climatology of HDI is observed to be maximum in LRS same as the results from utility data. The 
electrical EPC is representative of the electrical energy due to the fact that ventilation accounts by 
about one third of the total energy, and air conditioning systems performance, as measured by the 
COP (Coefficient of Performance) which is assumed to be 3.0 for this study (Liddament and Orme. 
1998). Figure 3.4 shows trends for maximum cooling, mean cooling, minimum cooling and 
maximum heating for SJIA. The maximum EPC is decreasing whereas the minimum is increasing.  
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Linear regression applied to the SJIA data shows that the maximum energy for cooling is 
decreasing at a rate of -11.14 kW-h/year/person whereas minimum energy for cooling is increasing 
at a rate of 10.64 kW-h/year/person with higher statistical significance.  This is mainly because 
maximum temperature for SJIA is decreasing due to increase of humidity. The decreasing trend of 
maximum temperature is shown in Figure 3.4. However, at synoptic scale (for the whole Caribbean 
region) using NCEP records, both maximum, minimum and mean EPC over the Caribbean region 
have positive trends as seen in Figure 3.5.  Figure 3.6a shows scatter plots of observed Electrical 
EPC in kW-h/month and monthly average HDI, with a high regression coefficient of 0.87 
indicating that HDI as a good predictor to predict total electrical energy per capita (Angeles et al. 
2017). Figure 3.6b and 3.6c also show that both minimum and maximum temperatures are good 
indicators to predict HDI. The regression coefficient between minimum temperature and HDI is 
high, an indication that minimum temperature is a better predictor of HDI than maximum 
temperature. Also, the trend between minimum temperature and HDI is much steeper than that 
between maximum temperature and HDI indicating that an increase in 1K of minimum 
temperature increases HDI by more than increase in 1K of maximum temperature. However, it is 
interesting to note that in Figure 3.6c data clusters around maximum temperature of 305-310K 
with a corresponding HDI and electrical EPC of 0.7 and 400 kW-h/month which is at its maximum 




Figure 3.3: Daily maximum temperature record for SJIA 
 
 





Figure 3.5: Time series for yearly maximum, minimum and mean EPC for a for the whole Caribbean region extracted 
from NCEP data 
 
 
Figure 3.6: Scatter plot for HDI and Electrical EPC per month (a), minimum temperature and HDI (b) and maximum 








3.3 Extreme Hot Events from observation records  
In order to quantify EPC to maintain comfort levels during extreme heat events, it is 
necessary to asses EPC increases during an extreme hot event from that of normal day. The NWS 
definition of heat wave event is used to locate extreme hot events from SJIA data and is described 
in section 2.5.  Table 3.1 shows temperature at different percentile, where 32.20C represents the 
90 percentile, meaning that for the entire data set there are 10% of time where temperature is 
greater than 32.20C for three consecutive days. The frequency of total extreme hot events for 90, 
95 and 97 percentiles for different months as well as total electrical energy consumption (sum of 
residential and commercial) is plotted in Figure 3.7 for the period of 1980-2014. It is seen that 
during LRS electrical energy consumption is maximum as well as occurrence of high number of 
extreme heat wave events.  
Table 3.2 shows daily summary of the National Climatic Data Center-NOAA (NCDC-
NOAA) weather station’s located around SJMA (https://gis.ncdc.noaa.gov/maps/ncei/cdo/daily). 
The table summarizes the maximum and  
minimum temperature per day to identify a heat wave event around SJMA during 9-27-2014 to 
10-05-2014 as it shows that maximum temperature greater than 32.20C occurred for three different 
stations.  Given the extraordinary conditions of this particular heat wave, it will be used as case 
study for this research.   
Table 3.1: Temperature and corresponding percentile for SJIA 







             
Figure 3.7: Climatology of heat wave event frequency (SJIA) with total electrical energy Consumption (utility) 
Table 3.2:  Location of weather station with maximum temperature in 0C during 09-27-2014 to 












































































































































3.4 WRF Simulations (single layer urban canopy model) for extreme temperature events 
Weather station records are valuable in assessing environmental variables however, the 
limitation of the number of weather stations to few (mostly to international airport) and limitations 
on the credible long term records urge us use modeling results to fill the gaps. Also the wide range 
of data sets available to us from modeling efforts allows us to study particular hot episodes in 
detail. Besides, modeling flexibility will allow us to study important parameters like UHI and EPC.  
The high temperature event of Sept 27 through October 05 2004 is used as test case to 
analyze local climate, impacts of urbanization and energy implications during an extreme warm 
event.  The first step in this goal was to simulate the local conditions with a single layer 
urbanization scheme in WRF.  This single layer modeling was later improved for a more 
sophisticated urban model. Figures 3.8 and 3.9 show the temperature and relative humidity 
distributions from day1 to day4 of the heat wave event for NCEP, NARR, two local weather 
stations and model outputs. From the weather stations data, it is visible that all four days have 
temperature higher than 32.20C, which is the threshold used in this research. WRF results for both 
temperature and relative humidity show improvement from the input (NCEP) data.  To compare 
the Energy Per Capita (EPC) due to air-exchange for (day3) and a non-extreme hot day (taken as 
02 Oct 2014 as a normal day, spatial EPC per day is plotted over Eastern domain of the Island, 
Figure 3.10. Elevation contour at an interval of 150m is also shown as well as location of urban 
area (green line). The left and middle plot shows the EPC for the 4th day and the peak day 3rd day 
of the event, and the difference can be as high as 10% over the urban areas. From this simplified 
modeling, EPC/day can be as high as 21% during a heat wave day (middle panel) as compared to 




Figure 3.8: Temperature variation from 2014-09-29 to 2014-10-02 for NCEP, NARR, Stations and WRF output (run1)  
 




Figure 3.10: Variation of total EPC for 4 days of simulation.  Contour lines of topography are also plotted at an 




3.5 UHI and HDI 
To investigate the role of urbanization in local climate and energy demands, the simplified 
modeling of above was used for the case where city is represented (refer as Run1-City), and the 
non-urbanization case is represented by substituting the city by evergreen broadleaf forest 
vegetation (refer as Run2-NoCity).  Figure 3.11 shows the temperature for run1 (with city) and 
run2 (without city) for the four days’ simulation period. It is seen that maximum temperature 
increases marginally for city (run1) as compared to no city case (run2). However, a larger 
difference is seen for the minimum temperatures during late night and early morning (maximum 
at 1100 UTC), this is mainly due to addition of thermal masses due to urban structure, which tends 
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to increase the two-meter air temperatures. For all four days the maximum temperature difference 
is 1.5-20C as the rural reference cools down faster than the urban case. Figure 3.12 shows the 
relation between Urban Heat Island (UHI) and HDI, as HDI increases linearly with UHI.  UHI is 
taken here as the mean difference of the City and No-City cases (Run1-Run2).  A 20C UHI increase 
the urban HDI by 10-12%. Urban cooling effect is also seen in the data during the noon to late 
evening where rural temperature is a bit higher than the Urban Temperature, and the UHI of 00C 
can reduce the human discomfort index by 4%.   
 






Figure 3.12: Urban Heat Island (UHI) and percentage increase in human discomfort index (HDI) computed as 
(HDIcity-HDInocity)/HDInocity   
 
3.6 WUDAPT Validation 
To further explore the impacts of heat waves in building energy demands, a more 
sophisticated approach is used where the single layer urbanization is updated to use a Multi-Layer 
parameterization which will allow to use the BEP-BEM schemes, and hence building energy 
demands can be explored.  Key to this exercise is to represent the building topology of the city of 
SJU, and for this the WUDAPT techniques is used.  WUDAPT surface albedos, at 100 m 
resolution, is compared with data from the NASA ATLAS Mission that was conducted during 11-
16 February 2004. The flight plan for the mission covered the SJMA at a resolution of 10 meters 
(Gonzalez et al. 2005). WUDAPT results are also compared with NASA Landsat 8 imagery for 
July 2016 at 30 m spatial resolution. Total top of atmosphere short wave albedo with correction 
for sun angle is calculated using linear equations utilizing five bands of Landsat 8 (Liang et al. 
2003). This top of atmosphere albedo is further processed with atmospheric correction as described 
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by da Silva et al. (2016). The spatial distribution of surface albedo for all three data sets is shown 
in Figure 3.13 for the different municipalities of SJMA. For all three data sets higher urban 
coverage is seen in ATLAS whereas a smaller urban coverage is seen on WUDAPT and LSAT8 
datasets. For the urban built up land, albedo ranges from 0.15 to 0.2 which is within +-20 % for all 
three data sets. The maximum variation in surface albedo is seen for non-built up land (especially 
forest, wetlands and water bodies). This high variation is mainly due to seasonal variability.  
 
Figure 3.13: Spatial distribution of surface albedo from WUDAPT (Left), Landsat 8 (Center) and ATLAS Mission 
(Left) 
 
3.7  Urban WRF Modeling Validation  
Simulation results are validated against different environmental data sets such as NCEP, 
North American Regional Reanalysis (NARR) and San Juan International Airport weather station 
records (SJIA; latitude 18.433N, longitude 66W). Sensitivity to land use classification is studied 
by simulations using both WUDAPT and MODIS derived classes. SJIA records (Figure 3.14), 
show three consecutive days where temperatures exceed 32.20C, representing 90th percentile as 
recently been reported by Pokhrel et al (2019a). Urban WRF representation of both temperature 
and relative humidity improves significantly over NCEP boundary and initial conditions. 
Simulated temperatures compare favorably with observations, with a Root Mean Square Error 
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(RMSE) of 1.33 K and a regression coefficient of 0.72, whereas relative humidity has a RMSE of 
5.77 % with regression coefficient of 0.651.  The simulation further shows that the difference 
between the single layer Urban Canopy Model (UCM) (using MODIS LCLU), which considers 
the urban coverage as a single slab and the multiple layer UCM (using WUDAPT LCLU with BEP 
+ BEM) do not show a significant variation in both temperature and relative humidity. Thus for 
climate studies for the case of SJMA, the single layer UCM could provide accurate results without 
adding complexities of multi-layer UCM-BEM, and therefore simulated energy demand, is only 
available with BEP.  
 
Figure 3.14: Surface temperature and relative humidity comparison for NCEP, NARR, SJIA data with MODIS and 
WUDAPT LCLU 
 
In addition to surface temperature and relative humidity, comparisons with vertical profiles 
of wind speed, wind direction and potential temperature with radiosonde data for the station are 
conducted for two days 09/29/2014 and 10/02/2014. It is observed that the wind speed for 
09/29/2014 is very low, about 0-4 m/s, for the surface for both time 00 UTC and 12 UTC as shown 
in Figure 3.15. However, the wind direction is observed to be from south than the normal easterly 
winds for SJMA for the same day. During the final day, it is simulated that the surface wind speed 
increases to 2-6m/s and the wind direction returns to the normal easterly winds same as the 
observation. The contrast of wind direction during a normal day (10/02/2013) and during a extreme 
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heat day (09/29/2014) has also been reported in another coastal city (New York) during a heat 
wave event (Ramamurthy et al. 2017). To understand and identify any contrasting feature with the 
upper atmosphere during a normal and a extreme hot day, the potential temperature with height is 
plotted in Figure 3.15c, where an elevated stable layer is observed between 200-700 meters. The 
RMSE and regression coefficient of wind speed ranged from 1.0-1.6 m/s and 0.44-0.73, 7.6-39.58 
degrees and 0.231-0.244 for wind direction, 0.67-1.16 K and 0.88-0.90 for potential temperature, 
respectively. 
 
Figure 3.15: Vertical profiles for wind speed (a), wind direction (b) and potential temperature (c) for radiosonde 







3.8  Urban WRF and EnergyPlus ™ Energy Demands during an Extreme Heat Event 
The coupled weather (WRF)-building effect parameterization (BEP) and energy modeling 
(BEM) is used to produce a gridded, hourly building air conditioning demand. Figure 3.16 shows 
the air conditioning demand for different LCZs closest to the weather station which is also the 
location for the Typical Meteorological Year 3 (TMY3) data sets of San Juan used in 
EnergyPlusTM simulation.  The time series in Figure 3.16 shows the diurnal cycle of the hourly 
AC demand. Peak AC demand is simulated to be 60W/m2 for compact high rise and 10W/m2 for 
compact low rise and open low rise. For the coverage area of 366 km2 around SJMA, the AC 
demand distribution for each LCZs is shown in the pie chart of Figure 3.16c. AC demand for 
compact high rise compares well with high-intensity residential of Beijing (as 60W/m2) (Xu et. al 
2018) and 90W/m2 for New York City (Gutierrez et a. 2010). 
 
Figure 3.16: (a) Example of LCZs, (b) Time series of AC demand, (c) load distribution for each LCZs according to 




The contribution of compact low rise and compact high rise accounts for more than 90% of the 
total demand while the contribution of large low rise, sparsely built and open low rise is only 3%. 
The pie diagram also draws the conclusion that the bulk AC demand not only depends on the 
environmental variables (temperature, humidity and solar radiation) but also depends on the types 
of building classes within the region of interest.   
To produce a reasonable comparison of energy demand at city scale during an extreme hot 
event, it is important to identify maximum temperatures around the entire city rather than a single 
location. The daily summary of temperatures from the NOAA National Climatic Data Center is 
tabulated in Table 3.3 for different stations located around SJMA. Observations show maximum 
temperatures equal or higher than 32.20C between October 1 to October 5 for four stations. Thus 
to capture this extreme heat event all simulations are conducted for a period of 13 days from 09-
25-2014 to 10-07-2014. Table 3.8.1 also compares maximum daily temperatures between observed 
and simulated (parenthesis values).  
Typical Meteorological Year version 3 (TMY3) data for San Juan, used in Energy PlusTM 
simulation is modified to incorporate the environmental variables from the urbanized WRF. To do 
so, air temperature, dew point temperature, relative humidity, surface pressure, wind speed, wind 
direction and short wave radiation from TMY3 were replaced by data from uWRF simulations for 
the grid cell closest to SJIA. All other parameters (e.g., windows, walls, schedule, equipment, 
ventilation and anthropogenic heat) remained as they were for the reference buildings considered 
(https://www.energy.gov/eere/buildings/commercial-reference-buildings). This approach is 
followed in order to compare the US DOE reference buildings with that of the WUDAPT LCZs 
on AC demands. Commercial buildings like Hospital and Large Hotel are compared with compact 
high rise of WUDAPT LCZs (from urban WRF simulation) and reference buildings like Mid Rise 
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Apartment and Single Family Home are compared with compact low rise (from urban WRF 
simulation). The AC demand from urban WRF is divided by building area fraction for each LCZs 
 
Table 3.3: Maximum temperature for different weather stations located around urban area of 
SJMA from 09-27-2014 to 10-05-2014 and the corresponding WRF results closest to the station 




27 28 29 30 1 2 3 4 5 
Sep Sep Sep Sep Oct Oct Oct Oct Oct 
18.4 -66.0 2.7 
31.1 33.3 33.9 34.4 32.8 32.8 32.2 32.2 31.7 
-30.1 -30.5 -34.1 -31.5 -31.0 -31.5 -32.4 -33.7 -34.0 
18.4 -66.0 3.1 
31.1 33.3 34.4 NA 34.4 33.3 32.8 32.2 32.8 
-29.9 -30.1 -33.9 -31.2 -30.9 -31.1 -31.7 -32.2 -33.4 
18.4 -66.2 8.5 
31.7 32.2 34.4 34.4 35.0 33.9 35.0 32.8 32.8 
-30.3 -31.2 -31.4 -31.7 -31.4 -31.8 -34.2 -35.3 -32.8 
18.3 -66.0 48.8 
31.1 31.7 31.7 31.7 32.2 32.2 32.2 34.4 32.2 
-29.6 -28.6 -31.8 -32.0 -31.8 -31.8 -32.1 -32.4 -32.2 
18.4 -66.5 76.2 
30.0 32.2 33.3 32.2 31.7 32.2 33.3 32.2 32.2 
-29.9 -30.1 -28.8 -29.8 -29.9 -30.8 -31.5 -31.1 -31.1 
18.4 -66.4 170.7 
31.7 32.2 32.8 32.2 31.7 32.8 32.2 31.7 31.1 
-30.0 -29.7 -29.7 -30.5 -30.1 -31.6 -33.2 -33.3 -32.1 
 
 to compare the results at the building scales. Figure 3.17 shows AC demand at building scales for 
the 13 days of simulation. AC demand for the compact low rise is seen to match perfectly with 
Mid Rise Apartment and Single Family Home, while AC demand for compact high rise is 
overestimated as compared with Hospital and Large Hotel. The overestimation of demand for 
68 
 
compact high rise is due to excess solar gain because of high glazing fraction (20%) as compared 
with low glazing fraction of commercial buildings (15%). The variation in diurnal cycle and 
overestimation for compact high rise is also due to high thermal conductivity of roof and wall as 
compared with insulated roof and wall of commercial buildings (Berkeley et al. 2017). 
EnergyPlusTM simulation is also compared with TMY3 data and modified TMY3 data from urban 
WRF outputs for key environmental variables as discussed above, for extreme hot day of 
10/03/2014 as shown in Figure 3.18. It is noticed that EnergyPlusTM simulation with modified 
TMY3 data, represented by the solid lines, has higher AC demand than that of the TMY3 data, 
which could be a reason why WRF input data can be important in peak design applications more 
so than the data sets of TMY3. It is also interesting to note that with TMY3 data the AC demand 
follows a radiation diurnal cycle whereas the simulation with modified TMY3 with WRF data 
shows that the demand follows temperature diurnal cycle. The difference in peak demand for these 
data sets can be attributed to higher temperatures during the afternoon hours of extreme heat events 
as captured by urban WRF simulation. 
 
 
Figure 3.17: AC demand in W/m2 for reference buildings as compared with compact high rise (a) and compact low 





Figure 3.18: EnergyPlusTM AC demand in Mega Joules (MJ) for each hour for the extreme heat day using TMY3 
data and modified TMY3 with urban WRF data 
 
 
3.9  Exploring Urban WRF for Mitigating Alternatives to reduce Cooling Load during 
Extreme Heat Conditions.  
This section will explore the spatio-temporal variation of energy demands for SJMA during 
an extreme heat event and building technology mitigation options to reduce energy demand. The 
impact of mitigation alternatives explored is mainly focused on reducing peak air conditioning 
demand so that the stress in the electric grid is minimized. The mitigation options explored include; 
white roofs (also referred as cool roofs), increase thermal insulation, lower thermostat setting, and 
improved HVAC COP, as described in section 2.3, and Table 2.3.  Figure 3.19 shows the spatial 
plot of peak (3PM LST) AC demand during a selected normal day (10/02/2014), during an extreme 
heat day (09/29/2014), and is also compared with the monthly record of total electricity 
consumption for a day in October 2014 available from the monthly load of the entire island as 
reported by Lazaro et. al (2015). The monthly record is divided by total days in October to get 
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daily data which is adjusted for population and building area fraction on each municipality to get 




Figure 3.19: (a) Peak (3 PM) AC demand during a normal day, (b) during a heat wave day, (c) scaled utility demand 
during a day of October 2014 and (d) average temperature and energy demand variation for the whole domain of 
SJMA.    
 
 
The simulated data compares well with high energy demands for San Juan municipality at 
150-200 W-h/m2 (Figure 3.19). These demands follow the LCZs distribution across the region of 
interest, highs of 300-350 W-h/m2 per day are seen for compact high rise and 150-200 W-h/m2 per 
day for compact low rise.  At some specific locations the demand difference between normal day 
and heat wave day can be as high as 27%. From all three spatial plots it is seen that San Juan 
municipality has a higher AC demand of 150-200 W-h/m2 per day. The higher AC demand during 
the heat wave day is mainly due to high temperature during late afternoon hours where the 


























time series of Figure 3.9.1d for the entire urban coverage of 366km2. For the entire urban coverage, 
the peak reaches to 0.9 GW, an increase of 20% as compared to the normal day, shown in the same 
figure.   
 
Figure 3.20: Peak AC demand during a heat wave day for (a) normal roof, peak AC demand difference between: (b) 
normal roof – improved envelope insulation, (c) normal roof-target indoor temperature, (d) normal roof-white roof, 
(e) normal roof-improved COP and (f) normal roof-combination of all options. 
 
Results for the different mitigation alternatives to reduce peak demand such as; increase 
thermal envelope insulation (wall and roof thermal conductivity reduced by 10%), indoor air 
temperature (thermostat setting reduce by 1K), white roof (albedo 0.7 from 0.15), higher COP 
(COP increased to 3.5 from 3) and combination of all are explored as options to mitigate the AC 
demand. Figure 3.20 shows the peak energy demand differences between normal roof (a) and all 
other cooling load mitigating alternatives: the peak AC demand difference between normal roof 
and improved envelope insulation (b); normal roof minus higher indoor target temperature (c); 









combination of all previous options (e). It is seen from the simulation that peak demand savings 
of up to 1-1.5W/m2 is achieved for white roof and up to 2-2.5W/m2 for improved COP. For the 
entire urban coverage peak demand savings of more than 2.5 W/m2 is seen for all combination of 
different alternatives. This means that for the urban coverage of 366 km2 the peak demand can be 
reduced by 0.366 GW, 40% of the total demand. Peak demand is an important metric for utilities, 
as it is indispensable for planning of generation, transmission resources and demand side 
management strategies.  
For the same urban coverage around SJMA the weekly demand profile for different 
alternatives is shown in Figure 3.21. AC demand for the entire metropolitan area is multiplied by 
building area fraction for each LCZs and summed across each time steps and grids to generate 
total energy demand at city scale, following Ortiz et. al. (2016) and Takane et al. (2017) 
approaches. For the normal roof the AC demand per week is 94 GW-h and if all the combinations 
of the different alternatives are used, the demand reduces to 65 GW-h (a reduction of 29 GW-h) 
with a maximum reduction potential of 36.8%. Higher COPs and white roofs have important 





Figure 3.21: AC demand during a period of a week for a heat wave day for (a) normal roof (b) white roof (c) 




3.10 Model evaluation for Building Integrated Solar PV  
As cities are showing efficacy in carbon reduction goals the use of active building 
integrated technologies like solar Photovoltaic (PV) are more obvious as it provides additional 
benefit of solar PV power. For some cities building integrated solar PV has shown to reduce the 
total AC demand (Salamanca et al. 2016; Brown et al. 2020), however the magnitude of reduction 
of AC demand depends on the city’s morphology and given environmental conditions. This section 
explores the use of building integrated solar PV applications to reduce energy demands during the 
same heat waves.  The validation of the modeling is presented first, followed by the evaluation of 
fully integrated solar PV model in uWRF.  
The roof surface temperature modification is based on an energy balance on roof surface 
including solar PV and is modified in BEM as illustrated earlier in section 2.4. Results for roof 
temperature (Ts) is presented for different roof applications namely normal roof (NR), horizontal 
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PV roof (HPV), tilted PV roof (TPV) and cool roof (CR) as shown in Figure 3.22 with an input 
from urban WRF variables. The roof temperature is seen to be maximum for NR and HPV reaching 
as high as 500C whereas for tilted PV roof and cool roof the maximum temperature reduces by 8 
to 130C, respectively. The minimum temperature however is the same for normal roof and cool 
roof whereas it is higher by 2-3 degrees for HPV roof. The maximum roof temperature for NR, 
HPV roof and TPV roof was measured to be 600C, 580C and 420C for a hot summer day in the city 
of San Diego, California (Dominguez et al. 2011). In other study, on the similar day in the city of 
Chicago the maximum roof temperature for cool roof was measured to be 400C (Scherba et al. 
2011), consistent with our results.  
The results of modified version of BEP_BEM for 2m-air temperature for different roof 
application including the original version of BEP_BEM (without modification) is compared with 
the observation from SJIA in Figure 3.22. To validate the simulated temperature (estimator) with 
the observation (SJIA), linear regression was applied for both for modified BEP_BEM and original 
BEP_BEM including the residuals. Both models appear to fit the data well and the residuals appear 
to be randomly distributed around zero indicating that the models describe the data well. Therefore, 
the graphical evaluation of the fits (of Figure 3.22) does not reveal any obvious differences 
between the two models. However, the fits and residuals fails to capture the slight overestimation 
of 2m-air temperatures for some days for modified roof surface temperature of BEP_BEM, and is 
attributed to low wind speeds during these days. For the purpose of this study, that is to evaluate 
the response of PV applications of roof on 2m air temperature and AC demand difference, this 
assumption (changes in roof surface temperature due to PV installation) is followed in all 





Figure 3.22: Roof temperatures and 2m air temperatures (a), modified urban WRF and SJIA and original WRF, 2m-
air temperature, (b) linear fit of modified WRF 2m air temperature and SJIA temperature with its residuals (c) linear 
fit of original WRF 2m air temperature and SJIA temperature with its residuals (d).   
 
3.11 Results for Building Integrated Solar PV  
The studies conducted by Salamanca et al. 2016 indicate that the application of PV on roof 
surface reduces both nighttime and Daytime UHI by 0.4 to 0.8 0C both for Phoenix and Tucson 
(Salamanca et al. 2016). However, for tropical locations where there may be higher humidity the 
results might be different. In order to understand the role of building integrated solar technologies 
in roofs on UHI, time series of 2-m air temperature for densely populated and sparsely populated 
land classes are presented for both PV and Cool Roofs (CR).  Figure 3.23 sows the time series 
while spatial plots of maximum and minimum temperatures are represented in Figure 3.24. For 
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densely populated building region the maximum temperature is simulated to be higher than 300C 
for NR and HPV roof but less than 300C for sparsely populated region. The minimum temperature 
for densely populated region is higher by 20C compared to the sparsely populated region. Also, 
the minimum temperature for densely populated region for HPV roof is simulated to be 0.25 
degrees higher than NR during 8AM LST. In other words, HPV slightly reduce the daytime UHI 
whereas it increases the peak night time UHI.  NR, HPV, TPV and CR shows maximum 2m- air 
temperature in the decreasing order, where TPV reduces it by 20C and CR reduces it by 4~5 0C at 
compact low rise LCZs compared with NR. The minimum temperature however for NR is 260C, 
whereas the difference of minimum temperature for HPV with NR indicates an increase in UHI 
by 0.5~0.750C. The increase in night time UHI for HPV is due to absence of radiative cooling from 
HPV roof as compared to NR. There is, however, no significant changes in night time UHI for 
TPV and CR.  
 








Figure 3.24: (Top panel) 2m-maximum temperature (14 LST) for NR, HPV, TPV and CR, 2m-minumum 
temperature (6LST) for NR and (lower panel) the minimum temperature difference for NR-HPV and NR-TPV  
 
3.12 Impacts on AC Demand due to building integrated PV 
The average total air conditioning demand for each LCZs on a day for the entire SJMA is 
shown in Table 3.4, for different roof applications. The W/m2 are per horizontal grids and includes 
both built and non-built surfaces. However, the sum of AC demand for each LCZs is multiplied 
by building area fraction in order compute total AC demand of Table 2.1, has been previously used 
by (Pokhrel et al 2019a). Compact high rise and compact low rise together represents more than 
85% of the total air conditioning demand for the region. TPV and CR decreases the total demand 
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by 4% and 12% respectively, however HPV roof increases the demand by 3%. The increase in AC 
demand for HPV roof is attributed to net increase in UHI during night and morning hours. The 
peak AC demand for normal roof follows the LCZs distribution, high of 20 W/m2 at compact high 
rise, 10~12W/m2 at compact low rise and 6~8 W/m2 at open low rise as presented in Figure 3.25.  
Peak AC demand savings of 0.5~ 1 W/m2 is simulated for the TPV and 1.5~2 W/m2 for CR 
respectively for compact low rise LCZ. The peak demand savings potential for tilted PV and CR 
for some location in the metropolitan area is equivalent to 8% and 16% respectively. However, the 
peak demand reduction potential for HPV roof is very insignificant and is not presented in Figure 
3.12.1. 
Table 3.4: AC demand per day for different LCZs and roof applications  
 
 
  AC demand GW-h/day and % change from NR conditions 
LCZ/Roofs NR HPV TPV CR 
LCZ1 3.08 3.01(-2.27%) 2.92(-2.9%) 2.81(-3.7%) 
LCZ2 1.2 1 (-16.67%) 0.94 (-6%) 0.89 (-5.4%) 
LCZ3 17.22 18.17 (5.51%) 16.79(-7.6%) 15.14 (-9.8%) 
LCZ4 0.142 0.135(-4.8%) 0.13(-3.7%) 0.126(-3.1%) 
LCZ6 1.41 1.44 (2.12%) 1.3 (-9.7%) 1.165(-10.4%) 
LCZ8 0.09 0.09 (0%) 0.08 (-11.1%) 0.073(-8.75%) 
LCZ9 0.68 0.72 (5.9%) 0.675(-6.3%) 0.62 (-8.2%) 




Figure 3.25: Peak AC demand (normal roof), peak AC demand savings for normal roof-tilted PV roof and normal 
roof-cool roof. 
 
3.13  PV Power Potential for SJMA  
This section presents the potential for building integrated solar PV technologies for San 
Juan, Puerto Rico.  Both solar resource as well as solar PV outputs are estimated geospatially.  
Solar radiation components are key important parameters in estimating PV power potential. The 
output from urban WRF for short wave direct normal (SWDDNI), short wave direct diffuse 
(SWDDIF), downward short wave (SWDOWN) and total radiation (as estimated utilizing 
equations 17-18) on tilted surface of 20 degrees (Total I) is presented in Figure 3.26. For the entire 
simulation period large cloud cover is simulated during late morning and midafternoon hours. 
However, for tilted surface early morning and late afternoon hours is simulated to have more 




Figure 3.26: Radiation components for grid point closest to SJIA 
 
Daily solar total radiation on a titled surface of 200 is 8.7% more than the daily solar 
radiation on a horizontal surface for SJMA for a day on the month of October as shown in Figure 
3.27. The values of daily solar total radiation are comparable with those estimated by open source 
tools such as PV Watts (https://pvwatts.nrel.gov/), which estimates average daily solar radiation 
for SJMA for the month of October for horizontal and 200 tilted surface to be equal to 5.25-5.88 
kW-h/day respectively. However, the modelled results are 5.75 and 6.25 kW-h/day with an 
overestimation of 0.5 and 0.37 kW-h/day for both horizontal and tilted surface respectively. 
 




Hourly average AC demand and PV power production for large office represented as 
compact high rise (CHR), multifamily low rise apartment represented as compact low rise (CLR), 
and single family detached unit represented as open low rise (OLR) for both HPV and TPV is 
shown in Figure 3.28. The floor areas for large office (CHR), multifamily low rise apartment 
(CLR) and single family detached (OLR) unit are 41549 ft2 (3860 m2) , 10404 ft2 (967 m2) and 
3602 ft2 (335 m2) taken from US DOE reference buildings 
 [https://www.energy.gov/eere/buildings/commercial-reference-buildings]. For large office 
(Figure 3.13.3a) hourly demand peaks at 463 kW with daily AC demand reaches 6790 kW-h/day 
whereas productions are 2670 and 3032 kW-h/day for horizontal and tilted PV respectively.  For 
multifamily (Figure 3.13.3b) the hourly demand peaks at 31 kW with the daily demand as 467 
kW-h/day whereas production is 667 & 744 kW-h for HPV and TPV respectively. Demand and 
production for single family detached unit (Figure 3.13.3c) are 190, 250 & 260 kW-h respectively 
with a peak demand of 13 kW. 
 Figure 3.29 presents weekly AC demand for normal roof, HPV roof and TPV roof and 
available roof area for each LCZs in the region of interest consisting entire SJMA. It is simulated 
that for high rise and midrise the demand is close to power production given the small total roof 
area.  However, for CLR and OLR the AC demand is 20~22% of the power production potential, 
indicating that 22% of the suitable roof area is enough to meet the total AC demands for the CLR 




Figure 3.28: Hourly average AC demand and PV power from horizontal PV and titled PV for large hotel (a), 
multifamily low rise apartment (b) and single family detached unit (c). for the entire simulation period of 09/30/2014 
to 10/07/2014. 
 
Figure 3.29: Weekly AC demand in GW-h, weekly power output from horizontal PV and tilted PV in GW-h with 
available roof area for total compact high rise (CHR), compact midrise (CMR), compact low rise (CLR), open low 




3.14 Impacts of Climate Change:  Global Circulation Model Ensemble Projections 
The above sections discussed passive and active building integrated technologies on peak 
cooling load mitigations during extreme hot events.  How these hot events are projected in future 
climate and implications on energy demands is an important question for energy sustainability, 
and they are estimated here, detailed in the following sections.  Applying the bias correction 
technique outlined in section 2 (Hawkins et al., 2013) to downscale each model in a 25-member 
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ensemble reveals significant cold biases in raw GCM output for San Juan International Airport 
(SJIA) daily maximum records. We use Kernel density estimates of daily maximum temperature 
for each ensemble member to quantify the impact of the statistical downscaling technique on mean 
and standard deviation statistics. As shown in Figure 3.30, models without bias correction 
generally underestimate observations on average by 50C. This may be partly due to SJIA's 
proximity to the ocean, which is included in more of the GCM's grid cell area. The statistical 
downscaling technique modifies each ensemble member's distribution to match that of the station 
observations more closely. Besides, intermodel spread in mean and standard deviation is reduced 
during the reference period for the bias-corrected GCM. 
 
Figure 3.30: Daily maximum temperature KDE with Raw GCM (25-model ensemble), with bias corrected GCM and 
observation record for SJIA 
 
 
Bias-corrected and un-corrected mean daily maximum temperature Figure 3.31 shows a 
nearly linear trend in both high emissions scenario (RCP8.5) and stabilization scenario (RCP 4.5). 
RCP4.5 shows a linear trend of 0.17780C/decade, while RCP8.5 grows at a twice as faster, 
0.35550C/decade for raw GCM. The bias corrected GCM increases at a rate of 0.50C/decade and 
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0.2330C/decade for both RCP 8.5 and RCP 4.5 scenarios. Model spread, quantified as 95% 
confidence intervals, becomes slightly wider towards the latter half of the century, however both 
scenario shows significant changes only after mid-of-century.  
A fraction of these observed long-term increases may be due massive urbanization in San 
Juan Metropolitan area throughout the 20th century, as transitioned from agriculture land to urban 
and suburban (Comarazamy et al., 2013).  Bias-corrected mean intensity, defined as the mean of 
extreme hot events (Figure 3.31), grows at a rate nearly 0.2220C (RCP8.5) per decade, while the 
uncorrected record grows at 0.10C/decade, more than two times slower. Mean extreme hot event 
frequency (Figure 3.31) increases at a similar rate for both scenarios until mid of century increasing 
from 2 to 6 events, however, events frequency remains constant after 2050 mainly due to increase 
in total duration (days) of the events (Figure 3.31e). The total event duration records that extreme 
events would last longer and increases at a rate of 3days/year for RCP 8.5 higher by more than two 
times (1.222 days/year) as compared to RCP 4.5. This is due to both usage of a limited window 
for hot events to happen (i.e., August–November) as well as a constant temperature threshold for 
the event.  As mean daily temperatures surpass 32.80C by early 2060s, the likelihood of any given 
day surpassing this temperature increases. This might lead to separate events “consolidating” into 
longer lasting hot events. It also explains why changes in this metric are much lower in uncorrected 
data (Figure 3.31a), as temperatures are less likely to reach the extreme hot event threshold. 
These results compare favorably with the 26-model ensemble used in the projections of 
heat wave events for New York City (Ortiz et al., 2019), which corrects for the mean of the 
temperature distribution and standard deviations. The bias correction technique to downscale 
temperatures from GCM to local scale reduces differences between observation records by 
reducing biases in both the mean and variance of the model. Applying the technique to each model 
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in the 26-member ensemble results in a reduction, in general, of inter-model spread, as all models 
are downscaled to the same historical record. One limitation of this approach is the assumption 
that the relationship between observations and GCM output will remain stationary for the entire 
projection period (Dixon et al., 2016), which might not account for feedback processes such as 
additional anthropogenic heat and soil desiccation or moistening. Besides, the coarser spatial 
resolutions of GCM and limitations of availability of different variables from weather stations 
limits the application of statistical downscaling. 
To partially address some of these limitations, we conducted a set of simulations using 
urban WRF, considered a state-of-the-art high resolution urbanized regional climate model. This 
dynamic downscaling effort incorporates most of the urban surface-atmosphere feedbacks that 
may modify extreme hot event conditions, rather than statistical relationships developed using 
priori or assumptions about the stationarity of bias correction parameters. These assumptions are 
particularly relevant for projections in SJMA as it has been shown that the stationarity assumption 
may be violated in coastlines and especially in warm projections (Lanzante et al., 2018), where 




FIGURE 3.31: Daily maximum temperature and extreme hot event metric projections for SJMA. Top row shows bias-
corrected and uncorrected projections of daily maximum temperature, mid-row show mean heat wave intensity (bias-
corrected,) and mean heat wave frequency (bias-corrected) Bottom row show the total extreme hot days per year. 
Solid blue and red bands indicate the 25-model ensemble mean, with shaded bands representing bootstrapped 95% 
confidence intervals. 
 
3.15 High Resolution Urbanized Simulations 
 High-resolution regional climate models have been used to improve the representation of 
precipitation and temperature (Antic et al., 2004; Miller et al., 2008; El-Samra et al., 2017; Hughes 
et al., 2017; Garuma et al., 2018), especially in locations where complex surface processes are 
significant (e.g., mountains, coasts, and cities), although some studies have found geographically 
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inconsistent accuracy improvements (Wang and Kotamarthi, 2015). Besides, high-resolution 
dynamical downscaling methods are used to derive projections of extreme events, such as heat 
waves (Gao et al. 2012; Ortiz et al. 2019). Here, we employ advances in the representation of urban 
physics in the WRF model to project heat wave metrics throughout SJMA. Our simulation 
approach focuses on three time periods representing historical (2008–2012), mid-century (2048–
2052), and end of the century (2092–2096) across RCP8.5 scenarios, and for the late rainfall season 
only.  The forcing used as a boundary conditions is bias-corrected Community Earth System Model 
(BC-CESM1) at a horizontal resolution 0.94 latitude × 1.24 longitude.  
 
3.16 Model Evaluation for Long Term Projections 
Historical period simulations (urbanized WRF) are evaluated against the San Juan 
international airport (SJIA) station for daily maximum temperature, relative humidity, and wind 
speed for the reference historical period of 2008-2012 (Fig. 3.32). Simulated results are compared 
against Kernel density estimates (KDE), an approximation of a dataset’s distribution. The airport 
station reported a mean daily maximum of 27.60C with a standard deviation of 3.590C. WRF 
simulations result, interpolated using nearest neighbor showed a mean daily maximum of 26.90C 
(2.5 % error) with 3.840C standard deviation (7% error). These results are consistent with Ortiz et 
al. (2019), which found less than 1% and 10% error on the mean of daily maximum temperatures 
and standard deviation, respectively. Relative humidity, in general, underestimated in the WRF 
simulation for values less than 40% and higher than 80%. The bimodal nature of the relative 
humidity is observed in weather stations at 73 and 82%. The bimodal nature is captured in WRF 
simulation at 57 and 73%. Wind speed for both observation and simulation has a mean of 4.8m/s; 
however, the maximum wind speed is underestimated by the simulation for values higher than 
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8m/s by 1 to 1.5m/s. The simulated maximum wind speed of 15m/s compares with 23m/s with 
observation.  
 
Figure 3.32: Kernel density estimates of (left) daily maximum temperature, (mid) relative humidity, and (right) wind 
for historical simulation period (2008-2012) for every LRS for observations and WRF simulation.  
 
3.17 Model Results for Climate Change Impacts on Environmental Variables 
The impact of climate change on extreme hot events and on other environmental variables 
for mid of century and end of century are evaluated in this section. The simulations results are 
evaluated with and without energy mitigation measures.  Energy mitigation options are those 
similar discussed in Section 2.11 and include a combination of white roof, tilted PV and efficient 
HVAC systems (higher COP).  Mean extreme hot event intensity (Figure 3.33) projections show 
that more significant increases are closer to the coast and in the metropolitan region than inland 
locations. Dynamical downscaling without any energy mitigation measures for mid-of-century 
(2050) and end-of-century (2100) increases the extreme hot events intensities to 350C and 35.50C, 
respectively, for the central urban location of SJMA, similar to results in the statistically 
downscaled projections. The maximum intensity is simulated at the core of the city, inland to the 
coast at lower elevations where the dominant land category is compact low rise. At locations south-
east of the SJIA where the dominant LCLU is cropland and grassland, the intensity is as high as 
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340C higher than the threshold of 32.20C by 1.80C. Intensity, simulated to mitigate extreme 
temperature events, reduces the impact on the metropolitan region. 2050 and 2100 with mitigation 
measures reduce the event intensity by 10C and 1.50C at urban centers whereas, the maximum 
intensity simulated to shift towards low-level cropland and grassland LCLU close south-east and 
south of SJIA.  As cities increase efficacy on greenhouse gas emissions reduction efforts, the 
surrounding ecosystems and natural resources close to urbanization might be affected by climate 
system changes and variability. Thus, it is essential to find a balance, so the impacts on ecosystems 
could be minimized. 
 
Figure 3.33: Extreme hot event intensities (representing greater 95% i.e >32.80C) for mid-of-century and end-of-




As shown in Figure 3.34, simulations show an overall reduction in wind speeds. 
Comparison of 2010 wind rose with observation for the same period indicates that wind direction 
for SJIA is mostly easterly. However, observation shows a strong north-easterly wind (sea-
breeze<900) that could reach higher than 8m/s. The maximum magnitude of wind speed is captured 
by WRF simulation, reaching higher than 8m/s at 70-800 direction.  The simulation shows that 
maximum sea breeze decreases over time; however, there are no significant changes in the mean 
directions. However, the lower percentile southerly wind (land breeze) shows a small shift in wind 
direction from 1800 to less, and the speed also reduces by 1m/s by the end of the century. Warm 
days also show a similar wind speed reduction, marking an overall weakening of flow over the 
city, which may lead to increased UHI magnitudes as demonstrated by previous studies (Li et al., 
2016; Founda and Santamouris, 2017). The records of SJIA reports that the extreme hot events of 
2012 in SJMA reported lower southerly wind patterns resulting in a record high temperature. This 
indicates that the lower percentile of extreme temperature much higher than the event threshold 
might be smaller in 2100 than in 2050. The reduction of sea-breeze and land-breeze by 
incorporating energy mitigation options for 2050 and 210s are more pronounced than the decrease 
without the mitigation options. This could be the influence of low-temperature gradient between 
the ocean and SJMA and low UHI. The time series of average wind speed and direction without 
energy mitigation measures indicates that wind direction decreases to 90-100 degrees for 2050 and 
2100 compared to 80-120 degrees from historic periods. The 2050 mitigation options have more 
periods where wind direction is greater than 90 degrees (increased land breeze), where for the end 
of the century, there are equal periods of land and sea breeze. The wind speed follows the direction, 
showing a low rate for direction greater than 90 degrees and a high speed for direction less than 
90 degrees. The spatial plot of wind vectors of Figure 3.35 shows the impact on sea-breeze, where 
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wind vectors are plotted for historic period and the difference in wind vectors are plotted for both 
mid-century and end of century periods with and without energy mitigation measures. The wind 
vectors for historic period simulates a sea-breeze of 3-4 m/s along the coast. The wind vectors 
difference is simulated to be 0.5 and 1 m/s for 2050 and 2100 respectively as a signal of climate 
change. On the other hand, the energy mitigation measures for 2050 shows a higher reduction of 
sea-breeze of 1-1.5m/s (mainly due to small gradient between land and ocean) while for 2100 the 
sea-breeze returns to the historic period magnitudes with a value of 3-4m/s.  
Relative humidity (RH), which measures the saturation of the atmosphere to water vapor, 
is projected to increase in all cases (or scenarios).  Relative humidity in combination with air 
temperature provides information on Heat Index, which is an important consideration which 
determines how hot the body feels when exposed to ambient conditions, and this index has also 
been used to study extreme heat events for the Caribbean region (Angeles et al. 2017; Ramirez-
Beltran et al. 2018).  Studies have shown that water vapor content of air, in addition to ambient 
temperature, regulates the ability of humans to cool down via evaporation of sweat (Malchaire et 
al., 2000). In business as usual scenario, the RH anomalies (Figure 3.36) without mitigation 
measures for the mid and end of the century show increments. For 2050 there is no change along 
the coast, however, at urban centers, a positive of 2.5% is simulated. The maximum increase is 
simulated as 20% along high altitudes and forest LCLU. For 2100 the anomalies are uniform of 
2.5 to 5%. As RH follows the temperature trend, the anomalies are lower for the higher temp of 
2100 compared to 2050. The mitigation measures increase RH in the metropolitan region ranging 
from 17.5% to 20% increase from historic periods. The heat index is what the temperature feels 
like to the human body when relative humidity is combined with the air temperature. For tropical 
coastal city, extreme heat waves events are defined based on heat index (Moises and Beltran) and 
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is an essential consideration for human health and comfort. Projection of heat index anomalies 
(Figure 3.36) indicate increases in all periods reaching 5% by 2050 and 7.5% by 2100 at SJMA. 
The mitigating measures reduce the heat index by-2.5% over urban centers by 2050; however, it 
increases to 7.5% by the end of the century. 
 
 
Figure 3.34 Wind rose (top row) for 2010, 2050, and 2100 without energy mitigation options, (mid-row) observation 
(for 2008-2012), 2050 and 2100 with mitigation measures, (bottom) time series of mean wind direction and speed for 






Figure 3.35 Impacts on sea-breeze for historic and the difference between horizontal wind vectors. Gray-densely 
populated region, yellow-sparsely populated region. 
 
The probability density function of daily maximum temperature and daily maximum heat 
index for the densely packed region of SJMA is presented in Figure 3.36. The mean of daily 
maximum temperature is 31.20C, 32.30C, and 33.30C, respectively, for historic, mid-of-century, 
and end-of-century. However, the mitigation measures reduce the mean to 310C and 31.80C with 
a reduction potential of 2.30C and 1.50C for 2050 and 2100, respectively, as shown in Figure 3.37. 
The tail of the distribution for 2050 has a reduction potential of 0.80C from historic periods. 
Comparison of the tail of distributions from 2050 and 2100 with and without mitigation measures 
shows a reduction potential of 1.80C and 1.20C simultaneously, indicating reduction in extreme 
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hot events. The daily maximum heat index also shows the same reduction potential for the mean 
distribution without mitigation measures. However, the distribution doesn’t indicate any 
significant improvements when compared with and without mitigation measures. This is mainly 
due to the proportional increase of Relative Humidity as a decrease in temperature along SJMA.  
 
Figure 3.36: Relative humidity (RH) and Heat index anomalies for mid and end of the century with and without energy 
mitigation measures.  
 
 Figure 3.37: PDF of Mean daily maximum temperature and mean peak AC Demand for the densely packed region of 
SJMA.  
 
In order to study the boundary layer profile variation for mid and end of century with and 
without energy mitigation measures, air temperature (contour lines in 0C) is plotted with horizontal 
wind vectors and shaded contours for vertical wind is plotted in figure 3.38 for historic period at 
18 UTC and 10 UTC. From figure 3.38 it is noticed that the temperature in the upper atmosphere 
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for topography greater than 600 meters does not change significantly between both 18 and 10 
UTPC. However, the horizontal wind speed near the surface (elevation <200m) is simulated to be 
greater than 2-30C for 18 UTC, also the horizontal wind speed is greater for this region especially 
due to the influence of sea-breeze. Vertical upward motion is seen to be maximum during afternoon 
in the urban region and a circulation is simulated between urban locations and nearby ocean. 
However, during the morning hour (10 UTC) vertical motion is noticed at higher elevation 
(>400m) over the land with much higher wind speed as compared to the urban region and nearby 
ocean, and circulation is seen over this topography with higher horizontal wind speed.  
 
Figure 3.38: Temperature profile (contour lines), horizontal wind vector and shaded contour of vertical wind for mean 
of 18 UTC (2 PM LST) and UTC (6 AM LST). The red line represents urban locations and blue line delineates ocean. 
The blue colors represent downward vertical motion whereas, the yellow-red shows upward vertical motion. The green 
filled solid line represents topography.  
 
 
 In addition to the historic period analysis of boundary layer, the influence of climate change 
with and without mitigation measures is also studied to see any significant impacts on temperature, 
wind speed and circulation for both for both 2 PM LST (Figure 3.39) and 6 AM LST (Figure 3.40). 
For this reason, Figure 3.39 it is shown the temperature (contour lines) and horizontal wind vector 
difference for mid and end century with the historic period in additional to the vertical wind (W) 
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as a shaded contour. From the figure it is noticed that the climate change impacts increase the near 
surface urban air temperature by 0.9 to 1.1 0C for 2050 and 1.8-20C by 2100 as compared to the 
historic period. The horizontal wind speed just over the urban region is seen to decrease by 0.5m/s 
and 1-1.5m/s for 2050 and 2100, respectively. The vertical wind circulation for 2050 and 2100 
without mitigation measures doesn’t show any noticeable difference, despite the high difference 
on mean maximum temperature. This is mainly because of high reduction of wind speed for 2100 
as compared to 2050 which fails to produce a significant change in vertical wind speed.  Energy 
mitigation measures doesn’t show significant difference in temperature over the entire region 
expect over urban region where, 0-0.30C and 10C increase is noticed for both 2050 and 2100 




Figure 3.39: Air temperature difference (contour lines), horizontal wind vector difference and shaded contour of 
vertical wind for mean of 18 UTC (2 PM LST). The red line represents urban locations and blue line delineates ocean. 
The blue shaded colors represent downward vertical motion whereas, the yellow-red shows upward vertical motion. 




Figure 3.40: Air temperature difference (contour lines), horizontal wind vector difference and shaded contour of 
vertical wind for mean of 10 UTC (6 AM LST). The red line represents urban locations and blue line delineates ocean. 
The blue shaded colors represent downward vertical motion whereas, the yellow-red shows upward vertical motion. 
The green filled solid line represents topography.  
 
 Similar results of vertical profile are shown in Figure 3.40 for morning hour (6 AM LST). 
Air temperature anomalies with respect to historic period is noticed to rise at the same rate as that 
of 2 PM LST, 10C and 20C near the surface for 2050 and 2100 respectively. Horizontal wind vector 
difference at the urban region however shows slight reduction for 2050 and reduced by 1m/s for 
2100. The vertical wind speed (shaded contour) shows circulation on land with similar magnitude 
for 2050 and 2100, despite the large temperature difference for 2100. This is mainly due to low 
horizontal wind speed for 2100 that minimizes vertical motion.  
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3.18 Future Projections of Surface Temperatures and Cooling Energy Loads  
In addition to the mid-of-century and end of century projections of environmental variables 
it is also important to project the climate change impacts on surface temperatures and peak energy 
loads for cooling in buildings. Mean of maximum daily temperatures (3 PM LST) projections are 
presented as anomalies increases or decreases over the historical period of 2008-2012 over the mid 
and end-of-century (Fig. 3.41). The anomalies for 2050 and 2100 show an increase of peak 
temperature by 1-1.50C and 2.50C, respectively, for the delineated San Juan Metropolitan region. 
The increase in temperature is uniform for the urban region as well as for natural land cover. The 
mitigation options adopted here reflect maximum changes in the urban area representing cooling 
effects, whereas the non-urban locations show a similar increase as of 2050 and 2100. The cooling 
effects are lower than -0.50C for 2100 and as high as -20C for 2050 in SJMA. 
 
Figure 3.41: Temperature anomalies for (right) mid-century (2050) and (mid) end-of-century (2100) (left) with and 
without mitigation options. 
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The reduction potential of maximum temperatures by 2050 is much higher than in 2100, 
as expected. The results presented aid in understanding the potential impacts of mitigation options 
under the warming climate of 2050 and 2100. For 2050 and 2100, the mitigation options reduce 
the urban temperature by 2.5 to 30C as compared to without mitigation options for the same period. 
The results show that the reduction potential is much higher than the increase in both mid and end-
of-century temperatures. Climate change impacts simulated to increase minimum temperatures 
(not shown) at the same rate as maximum temperatures; however, the mitigation options proposed 
here have a small reduction potential as compared to peak temperatures.  
 
The increase in maximum and minimum AC demands are presented as anomalies from 
historical periods and are shown in Fig. 3.42. The spatial distribution of the increase of peak AC 
demand per municipality is an essential metric for utilities as it is indispensable for the planning 
of generation and transmission resources. Besides, the mitigation options (a combination of cool 
roof, tilted PV, and higher COP HVAC equipment) highlights a region were maximum demand 
reduction potential can be achieved. The peak AC demand increase for 2050 and 2100 is 1.5 W/m2 
and 3 W/m2, respectively, for San Juan municipality, which represents an increase of peak demand 
of 12.5% and 25%, respectively. The anomalies for minimum energy demand loads indicate an 
increase by the same amount s the maximum, however, have a much higher reduction potential of 
21% and 35% for 2050 and 2100, respectively. For the mid- and end-century reduction potential, 
mitigation options are much higher by 3.5 to 4 W/m2, surpassing the increase of 1.5 to 3W/m2 for 
the same period as shown by maximum anomalies (Figure 3.42). Mid of a century and end-of-
century mitigation options reduce the minimum AC demand by 1 W/m2. Urban cooling reflected 
in 2050 with combined mitigation options for peak AC demand anomalies of -3W/m2; however, it 
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reduces to -1.5 W/m2 for 2100. It is also evident that the mitigation options for minimum AC 
demand for 2050 and 2100 are not enough to meet the increase of AC demand for the same period.  
The mitigation options, however, show a cooling effect of reducing the peak AC demand by 2 
W/m2 for peak demand, whereas the minimum AC demand reduces by 0.5 to 1W/m2 as compared 
to historical periods.  
 
Figure 3.42: Peak (Left Panel) and minimum (Right Panel) AC peak demand anomalies (in W/m2) for mid-century 
and end-of-century without and with mitigation options  
 
In addition to the spatial distributions of temperatures and peak AC demands, the mean 
maximum surface temperatures and total peak AC demands projections for the entire metropolitan 
region are relevant metrics for weather services and utilities as it may serve for the planning of 
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mitigation and generation and transmission resources for the future. We present probability density 
functions for three climate periods with and without mitigation options (a combination of cool 
roof, tilted PV, and higher COP HVAC equipment) (Figure 3.43). Daily maximum temperatures 
(in 0C) for the entire high-density region in SJMA have mean values at 31.2, 32.2, and 33.2⁰C for 
2010, 2050, and 2100, whereas the mitigation options reduce it to 31 and 31.8⁰C for 2050 and 
2100, respectively. Hot (hot weather) for San Juan defined as an event where the maximum daily 
temperature is between 30.1 to 35.0⁰C, representing 86-99 percentile and 32.2 as 90 percentiles 
(Pokhrel et al. 2019a; Méndez-Lázaro et al. 2015). The tail of Peak AC-demand (in GW) for the 
same region with mean at 1.49, 1.608 (8%increase) and 1.72 (16% increase) for 2010, 2050 and 
2100, whereas, the mitigation options reduces it to 1.2 (decrease of 20%) and 1.295 GW (13%) for 
2050 and 2100 as compared to 2010. The reduction potential for 2050 and 2100 as compared to 
without mitigation adaptation decreases the peak by 25%.   
 
Figure 3.43: PDF of Mean daily maximum temperature and mean peak AC Demand for densely packed region of 
SJMA.  
 
The combination of mitigation options (cool roof, tilted PV, and efficient HVAC system) 
has a high reduction potential that varies with each LCZs in the metropolitan region. These 
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reduction potentials are higher during peak hours and less during off-sunshine hours. The summary 
of mean daily AC demand for each LCZs for the entire densely packed region of SJMA (Table 
3.5) shows the increase of AC demand by 12.3% and 26% for mid-of-century and end-of-century 
as compare to 2010. The demand increase varies with LCZs. For example, the increase in demand 
for LCZ39 (Sparsely built) for 2100 as compared to 2010 is 32%, whereas, for LCZ31, the increase 
is 21%. The reduction potential with and without adaptation of mitigation options for 2100 for the 
same LCZs is 24% and 19%, respectively. The difference in demand and reduction potential with 
mitigation adaptation can serve as an asset for the utility company and energy providers to 
delineate areas where high reduction potential occurs. 
 
Table 3.5: Daily AC demand for each LCZ for San Juan Metropolitan region 











Built Total % change 
2010 2.785 0.899 15.699 1.248 0.999 21.630 N/A 
2050 3.060 1.001 17.647 1.434 1.147 24.290 12.298 
2050+options 2.468 0.800 13.595 1.081 0.865 18.809 -13.042 
2100 3.361 1.112 19.813 1.638 1.310 27.233 25.906 







3.19 Model results for climate change impacts on UHI  
The UHI phenomenon can be interactive with the heat wave or extreme temperature event, one 
of the most common behaviors of the climate change, making the local urban warming more 
lasting and devastating (He Bao-Jie. 2019). For this reason, we look into peak day time 
temperature to evaluate the UHI over the metropolitan region of San Juan passing through -66.10 
longitude (shown in Figure 1). The maximum daily UHI intensities for historic, mid and end 
century are 30C respectively representing climate change signal without mitigation measures 
were both rural and urban temperature rises with a similar rate (Figure 15). However, the UHI 
increases to 4 and 50C for mid and end century as compared with historic period. The mitigation 
measures have the potential of reducing the UHI intensities to 10C and 0.50C for 2050 and 2100 
climate period respectively.  
Figure 3.44: 2-m air maximum temperature for historic (2010), mid-century and end of century with and without 
mitigation measures passing through -66.10 longitude over San Juan. The thick dark red line indicates urban area, 
thick blue line indicate ocean and thick green line indicates rural area.   
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4.0 Conclusions and Future Works 
The IAR region encompasses Northern South America, Central America, Gulf of Mexico, 
the Caribbean region, and the Western Atlantic, where a complex interaction among synoptic 
atmospheric/oceanic patterns drives the rainfall activity in the region (Gamble et al. 2008; Angeles 
et al. 2010; Glenn et al. 2015; Gonzalez et al. 2017). Past studies have demonstrated that Caribbean 
Sea surface temperatures have been rising at an alarming rate of 0.020C/year (Glenn et al. 2015). 
The rise in SST is reflected in the rise of the 2m-air temperature (rising at similar rate) 
consequently increasing high temperature events (Angeles et al. 2018; Ramirez-Beltran 2017). 
Different future climate change scenarios using global model indicates that heat wave events and 
energy per capita would be rising at higher rates in coming decades for the IAR regions (Angeles 
et al. 2017). This raises questions and actions to investigate the impacts of a warming climate in 
coastal tropical regions and how it can be mitigated in a regional to city scales.  Key societal related 
variables may include impacts on human health, agriculture, and energy demands and the efficacy 
on implementing global warming mitigation measures on these variables. This study focus on air 
conditioning (AC) as it is essential to maintain comforts and health and peak demands often create 
opportunity on improving electric grid resiliency which faces challenges during peak hot periods.  
A summary of the conclusions of this study are given below.   
 
4.1 On the Role of EPC and UHI under Extreme Heat Events 
This dissertation is focus on the intersection between urbanization, energy demands, and 
climate change in coastal tropical regions. To answer the fundamental question relating 
urbanization and energy demand in the context of a climate change, we defined a series of metrics, 
conducted climate record analysis, and simulated the local climate in present and future states for 
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the coastal tropical within the IAR, city of San Juan Metropolitan Area (SJUA), Puerto Rico as a 
case study.  Key indicators used were the Energy Per Capita (EPC) and the Urban Heat Island 
(UHI). We conducted climate simulations using the Weather Research Forecast (WRF) simplified 
single layer (Pokhrel et al. 2019a) and a more complex multilayer (Pokhrel et al. 2019b) urban 
canopy model simulation.    
Energy Per Capita (EPC) was correlated to predict the utility scale energy consumption for 
Puerto Rico with a regression coefficient of 0.84, where higher regression coefficient and steeper 
slope is observed for minimum temperature than maximum temperature indicating 1K rise in 
minimum temperature rises EPC by more than the rise in 1K of maximum temperature. These 
results draw the conclusion that raising minimum temperature could be more instrumental in AC 
appliances ownership in tropical coastal locations. However, the maximum temperature 
corresponds to peak energy consumption and have a significant role in energy infrastructure, 
human health and heat related mortality (Méndez-Lázaro et al. 2016) and increasing risk to electric 
grid resiliency. When considering a specific and extraordinary extreme heat event defined as 
consecutive warm days in September 29-October 8, 2014, the UHI peaks was simulated using a 
single layer urban parameterization as a city and no-city climate difference showing a peak of 
2.50C with corresponding increase of EPC of 12% at the urban location (Pokhrel et al. 2019a).  
 
4.2 On the Role of Building Integrated Passive Systems as Mitigation Alternative 
The same extreme hot event from above was modelled using a multi-layer urbanized 
version of WRF that includes a building effect parameterization (BEP) and a building energy 
model (BEM) using the most recent LCLU using WUDAPT LCZs (Pokhrel et al. 2019b) in order 
to recommend climate mitigation measures to reduce peak air conditioning (AC) energy demand. 
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The result of WUDAPT LCZs for building heights shows that for SJMA there is not much 
heterogeneity for land cover land use types. This uniformity is also visible in similar surface 
temperature and relative humidity comparison between single layer UCM (using MODIS LCLU) 
and multi-layer UCM (using WUDAPT LCZs) indicating single layer UCM can be used in climate 
studies without adding complexities of multilayer building effect parameterizations (Pokhrel et al. 
2019b). However, the results for environmental variables show much improvement from that of 
the National Center for Environmental Prediction (NCEP) input data (spatial resolution of 250km) 
as well as North American Regional Reanalysis (NARR) data (spatial resolution of 34 km).  Single 
building energy model were also used to calibrate the multi-layer climate modeling using 
EnergyPlusTM which showed that compact high rise and compact low rise buildings account for 
more than 90% of the total AC energy demand. Comparison between AC energy demand for 
different commercial and residential buildings with EnergyPlusTM simulations and urbanized WRF 
simulation shows good agreement for compact high rise and compact low rise LCZs. Furthermore, 
use of weather data from WRF output for EnergyPlusTM simulations can be valuable for designing 
equipment under extreme loads. EnergyPlusTM simulations may also be used for places where 
Typical Meteorological Year 3 (TMY3) data is unavailable. Finally, comparison of different 
mitigation alternatives to reduce cooling load during an extreme hot event indicates that white 
roofs, indoor target temperatures and higher Coefficient of Performance (COP) HVAC system 
improvements reduce the cooling demand by 6.9%, 9.9% and 16.15%, respectively. Peak AC 
energy demand for an extreme hot event (considering 90th percentile) can increase by 20% from 
that of the normal day for the entire urban coverage and the combination of all alternatives reduces 
the peak AC demand by 40%. The proposed mitigating alternatives may have similar results in 
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other tropical coastal cities, although the magnitude would be different depending on the size, form 
and function of the urban coverage. 
 
4.3 On the Role of Building Integrated Solar PV as Mitigation Alternative 
The study also proposes a new methodology that represents the integration of solar Photo 
Voltaic (PV) technologies in buildings and scale up to the whole city. Building integrated solar 
PV systems are a viable low carbon alternative to absorb the anticipated increase in energy 
demands for AC due to a warmer and humid tropical climate.  The Puerto Rico Energy Bureau has 
formulated public policy to increase solar energy production in the Island of Puerto Rico with the 
goal of achieving 100% renewables by the year 2050.  Certainly, building integrated PV will play 
a major role in this future scenario and in the context of a changing climate.  To address this 
particular relevant issue, the roof surface temperature of BEM was modified to include the 
horizontal of tilted building integrated PV.  A first case study considered the same heat wave event 
as above to investigate the overall environmental impacts of large-scale deployment of integrated 
solar PV in roofs.  Results indicate that the peak roof temperature was maximum for Normal Roof 
(NR) and for Horizontal PB (HPV) reaching higher than 540C whereas for tilted PV (TPV) in the 
roofs and for cool roofs (CR), the maximum temperature reduces to 46 and 410C respectively. 
Energy balance on roof surface indicate that PV integrated roof utilizes 15% of incoming solar 
radiation to PV power and 10% of the incoming radiation is reflected back to atmosphere which 
eventually reducing the maximum roof surface temperature as compared to normal roof (with 
albedo of 0.15). As a result, the reduction in peak AC energy demand is simulated to be 5 % for 
tilted PV roof and 10% for cool roof. HPV does not show significant changes in peak AC energy 
demand compared to normal roof, however, the daily demand for HPV is seen to increase by 3% 
109 
 
and decrease by 9% and 12% for TPV and CR, respectively. For cool roof similar reduction 
potential is simulated in Phoenix (Sharma et al. 2017) and New York City (Ortiz et al. 2016). An 
increase in peak (3AM LST) UHI for horizontal is simulated with horizontal PV and for tilted PV 
and cool roof there is no significant changes in minimum temperature. The rise in minimum 
temperature for horizontal cool roof is mainly because of the absence of radiative cooling from 
horizontal PV flushed roof. For the month of October 2014, the daily total radiation on a tilted 
surface is 5.5-6.5 kWh/m2 for SJMA, which is 6-10% higher than daily total radiation on a 
horizontal surface. Finally, the ratio of AC energy demand to solar PV power production for 
compact high rise and compact midrise LCZs is close to 1, however for compact low rise open low 
rise, it is 0.2.  In generalizing, the proposed mitigating alternatives may have similar results in 
other tropical coastal cities, although the magnitude would be different depending on the size, form 
and function of the urban coverage. 
 
4.4 On Climate Change Projections and Impacts of Energy Mitigation Options on local 
climate variables for San Juan, Puerto Rico 
 
Statistical downscaling of global circulation models (GCM) was carried out for 
temperature and extreme heat events projections for SJMA under different Representative 
Concentration Pathways (RCP) scenarios (RCP 4.5 and RCP 8.5) using 25 GCM ensemble from 
the Coupled Model Intercomparison Project 5.0 (CMIP5.0).  Bias-corrected mean extreme heat 
events intensity for SJMA, grows at a rate nearly 0.2220C (RCP8.5) per decade, while the 
uncorrected record grows at 0.10C/decade, more than two times slower, however, the bias 
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corrected maximum temperature is expected to grow at a rate of 0.550C per decade. These results 
are consistent with the work of Ortiz et al. (2018) for New York City.   
To investigate the spatio-temporal variability of mitigation options under future climate 
conditions, a dynamic downscaling effort was carried out using bias-corrected Community Earth 
System Model (BC-CESM1) CCSM as initial and boundary conditions input into WRF with 
BEP+BEM.  Simulation were conducted for historic period (2008-2012), mid-of-century (2048-
2052) and end of century (2092-2096) for late rainfall season from August to November with and 
without AC demand mitigation measures (a combination of cool roof, titled PV and higher COP 
of HVAC systems).  For the decades of 2050 and 2100 mitigation measures reduce the extreme 
heat event intensity by 10C and 1.50C at the urban centers, respectively, whereas, the maximum 
intensity is simulated to shift towards low-level cropland and grassland LCLU close south-east 
and south of SJIA.  
As cities increase efficacy on greenhouse gas emissions reduction efforts, the surrounding 
ecosystems and natural resources close to urbanization might be affected by the changes and 
variability. Thus, it is essential to find a balance, such that the impacts on ecosystems could be 
minimized. The reduction of sea-breeze and land-breeze under mitigation options for 2050 and 
2100 is more pronounced than the decrease without the mitigation options for SJMA. It is 
simulated that the region at higher elevation experience more changes in maximum temperature 
than urban centers for both 2050 and 2100 as compared to historic period. This change is reflected 
in lower wind speed magnitude at higher elevations. Relative humidity is simulated to increase to 
5% towards the end of century while the mitigation measures increases the humidity along the 
urban centers by more than 17.5 to 20%.  Heat index is also simulated to increase by end of century 




4.5 On Climate Change Projections and Impacts of Energy Mitigation Options on AC 
demands for San Juan, Puerto Rico 
The Caribbean is one of those key regions where building energy demands often exceed 50% of 
the total electricity demand and is projected to increase due to warming climate (Angeles et al. 
2017). Statistical downscaling also guided us to choose periods for dynamic downscaling, where 
we simulated the business as usual scenario (RCP8.5) choosing the mid and end of 21st century 
and used the same combination of mitigation measures to explore increase in energy demands. 
Increases of maximum temperatures projected to rise by1-1.50C and 20C for mid and end-of-
century, respectively, consequently increasing peak AC energy demand by 12.5 and 25%, 
respectively for SJMA. Mitigation options explored (considered a cool roof, higher COP for AC, 
and use of building-integrated solar PV panels), surpasses both increases in temperature and AC 
energy demand. The AC demand reduction potential with mitigation options for 2050 and 2100 
decreases demand by 13% and 1.5% to the historical periods. The demand reduction potential 
varies with LCZs showing high reduction potential for the sparsely built region (32%) and low for 
compact, low rise (21%) for a mid-of-century period as compared to the same period without 
mitigation options. Also, the daily maximum temperatures (in 0C) for the high-density region of 
SJMA have mean at 31.20C, 32.20C, and 33.20C for 2010, 2050, and 2100, whereas the mitigation 
options reduce it to 31 and 31.8 for 2050 and 2100, respectively. This reduction potential with 
mitigation measures are much lower than the threshold of extreme temperature event (32.80C), 
which will consequently reduce the impact on risk associated to heat stress both for human health 
and electric grid.  For 2050 and 2100, the mitigation options reduce the urban temperature by 2.5 
to 30C as compared to without mitigation options. We hope this study serves as a template and 
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encourages similar studies in other coastal tropical cities to plan mitigation options for a warming 
climate.   
4.6 Recommendations for Future Work: 
The proposed mitigation options reduce peak temperatures and energy demands for AC; 
however, the increase of AC ownership may also depend on the rise of warmer mean temperatures 
(Sailor and Pavlova 2003). A strong correlation was observed between minimum temperatures and 
AC energy demand (Pokhrel et al. 2019a). Future works can rely on studying the relationship of 
AC ownership with mean and minimum temperatures and proposing means to reduce the demands 
for these conditions. All the simulations assume a 100% AC ownership, which may not be realistic, 
and the total city-scale projections may not be 100% accurate. For example, NYISO reports data 
availability of AC ownership for all five boroughs of New York City, and data of this kind would 
further improve the integrity of the modeling results.   
Urbanized WRF is tested to improve the sensitivity at the finer resolution of 1km, and the 
sensitivity at much higher resolution 0.5 to 0.3km is not tested for any urban locations. For some 
urban centers or small cities or small metropolitan region, the 1km finer grid might not be able to 
capture some small towns which may have different urban characteristics. Conducting BEM 
simulations at this smaller town would allow us to explore environmental and energy sustainability 
customized to the particular town. Besides, some LCLU such as WUDAPT and NUDAPT has 
much finer resolution raging from 10m to 100m. WRF BEM model conducts a near neighbor 
interpolations and characterize the input at 1km (or to higher resolution) grid. Some of the 
heterogeneity of the city due to interpolation would be lost in BEM. This may not be common to 
a well-planned city of North Americas or Europe, but as we move to Asia, we see high 
heterogeneity. For example, in India, there are more buildings both ways of a roadway, and there 
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are commercial sectors both ways of a roadway, and as we move away from the roadway, we see 
more residential buildings. Also, there are slum areas right in the city, mostly across the railroad 
tracks or near the river's bank. Being able to conduct a higher resolution simulation with SUCM 
or MLUCM will able to capture this kind of heterogeneity.  
For the continental US, there is NUDAPT, MODIS, and USGS, and WUDAPT can be used 
to some extent. The critical parameters are the attributes associated with this LCLU. All these 
LCLU have a specific range for most of the attributes of LCLU. In this study, we explored the 
mitigation measures in every urban class. However, we could explore the usage of white roofs, for 
example, only on short, low rise buildings and 100% PV on compact high rise buildings a 20% PV 
on sparsely built buildings. Also, care should be given while defining these attributes depending 
on the characteristics of a city. For example, the urban parameters conducted in this study is wholly 
focused on the characteristics of SJMA, and the same parameters may not be right for a city of 
India or China or Saudi Arabia. WUDAPT and NUDAPT are developed to characterize cities 
consistently. However, the underlying urban and non-urban attributes are dependent on the local 
character of a particular geographical location. It is essential to have a list of urban parameters for 
different LCLU depending on the continent's cities. This look-up table will provide a guideline for 
future BEM modelers for studying environment variable or energy uses. This will also promote 
and highlight the crucial parameters that greatly influence the potential of the mitigation measures. 
Schedules of occupants, equipment, and lighting are among the key variables that define 
peak energy usage in a building. One limitation of BEM is that it uses 24 schedules values for each 
hour and each urban class. However, the model fails to recognize the weekends and holidays. 




For dynamic downscaling of future scenarios, we limit ourselves to most current LCLU 
and make it static. However, future LCLU would be dependent on the city law, policy, and 
population growth. The projection of population and future LCLU incorporated in dynamical 
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